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Editorial on the Research Topic
 Early maternal and child health management and the impact of living environment





Advancing maternal and newborn health: a call to action

Maternal and newborn health remains a fundamental pillar of global public health, reflecting broader imperatives of health equity, social justice, and sustainable development. As emphasized in the United Nations Sustainable Development Goals (SDGs) and particularly SDG 3, which aims to ensure healthy lives and promote wellbeing for all at all ages, improving outcomes during pregnancy, childbirth, and early childhood is not only a medical concern, but also a societal and ethical imperative. This special edition of Frontiers in Public Health brings together emerging research at the intersection of early maternal and child health management and the environmental contexts in which these lives begin and evolve. This edition comprises of 10 original research articles, one methods paper, one systematic review, and one study protocol. Collectively, these contributions reflect a broad thematic coherence centered on maternal and child health, while drawing from diverse geographic contexts including Africa, Asia, South America, and Europe.



Maternal and child health in context

Growing evidence underscores the profound influence of environmental determinants—such as air and water quality, housing conditions, sanitation, and exposure to toxicants—on pregnancy outcomes and early childhood development. Despite increasing recognition, these environmental risks remain underrepresented in clinical protocols and public health strategies. This Research Topic addresses this critical gap, advocating for a more holistic, systems-based understanding of maternal and child health that acknowledges the intricate connections between ecological exposures and health trajectories. Articles in this submission which focus on this topic include.



A global and multidisciplinary perspective

The articles featured in this Research Topic provide a rich and diverse examination of maternal and child health across continents—from the public hospitals of Ethiopia (Wondifraw et al.) to urban centers in China (Zhu et al.), Brazil (Lima-Soares et al.), and Malta (Battista et al.). They explore multifactorial influences on health outcomes, including biomedical, environmental, socioeconomic, and behavioral determinants. A consistent theme is the vulnerability of mothers and infants to systemic and environmental risks.

Studies investigating the impact of polycyclic aromatic hydrocarbons (Cheng et al.) and environmental tobacco smoke (Zhang et al.) on pregnant women and newborns reveal urgent concerns about prenatal environmental exposures and their metabolic consequences. Meanwhile, a mechanistic study (Jia et al.) on parental exposure to Nd2O3 demonstrates how intergenerational toxicity mediated through the brain-gut axis can impair neurodevelopment and cognition in offspring—adding new depth to our understanding of inherited environmental burdens.



Barriers and innovations in care delivery

Access to timely and appropriate care is another crucial dimension. Research from East Africa (Terefe et al.) and Ethiopia (Wondifraw et al.) reveals systemic barriers to postnatal care and challenges in pediatric antiretroviral therapy adherence, calling for community-driven solutions and policy reform. In China, qualitative studies (Cai et al.) on kangaroo mother care provide insight into provider attitudes and implementation challenges, humanizing the complexities of neonatal care delivery in intensive care settings.



Predictive models, preventive strategies, and mental health

Other studies focus on early risk detection and long-term health planning. These include predictive models for low birth weight in the context of gestational diabetes (Pan et al.), as well as the socioeconomic roots of birth outcomes and their link to peripubertal obesity (Lima-Soares et al.). Such findings reinforce the importance of health equity, social determinants, and proactive care models. A longitudinal analysis of perinatal outcomes in Malta (Battista et al.) over 15 years offers a historical perspective on progress and areas for improvement.

Notably, the Research Topic also highlights the mental health needs of obstetric and gynecological providers. As the demand for perinatal mental health screening grows, supporting healthcare professionals with knowledge, training, and systemic backing is essential for sustainable implementation.



Toward an integrated, global approach

Together, these contributions form a compelling call for a multidisciplinary, evidence-based, and culturally responsive approach to maternal and child health. They underscore the urgency and global significance of this field, which lies at the intersection of medicine, public health, environmental science, and social policy. As maternal and child health remains a central focus of global health agendas, these studies highlight the need for integrated strategies that are adaptable across diverse settings and responsive to both emerging and persistent health inequities worldwide.

This Research Topic not only deepens our understanding of the early-life health landscape but also serves as a pivotal rallying point for continued research, collaboration, and innovation. The findings presented here underscore the pressing need for further investigation into the complex interplay of biomedical, environmental, and social factors that shape maternal and child health outcomes. We call on the global research and public health communities to expand upon this work, fostering interdisciplinary partnerships that explore the transgenerational impact of early-life health. By addressing persistent disparities, advancing evidence-based interventions, and understanding the long-term effects on future generations, we can ensure that every mother and child has the opportunity to thrive in a safe, supportive, and health-promoting environment. Ultimately, these efforts will contribute to the realization of global health goals and the wellbeing of future generations.
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Background: Kangaroo mother care (KMC) is an evidence-based intervention that can effectively reduce morbidity and mortality in preterm infants, but it has yet to be widely implemented in health systems in China. Most qualitative studies on KMC for preterm infants focused on the experiences and influencing factors from the perspective of preterm infant parents, while neglecting the perspective of healthcare providers, who played a critical role in guiding KMC practice. Therefore, this study aimed to explore the perceptions and experiences of healthcare providers regarding their involvement in KMC implementation for preterm infants to promote the contextualized implementation of KMC.
Methods: A descriptive qualitative approach was adopted. A purposive sampling was used to select healthcare providers involved in KMC implementation in the neonatal intensive care units (NICUs) as participants from four tertiary hospitals across four cities in Zhejiang Province, China. Face-to-face semi-structured interviews were conducted to collect information. Thematic analysis was employed to analyze the data.
Results: Seventeen healthcare professionals were recruited, including thirteen nurses and four doctors in the NICUs. Four themes and twelve subthemes emerged: different cognitions based on different perspectives (acknowledged effects and benefits, not profitable economically), ambivalent emotions regarding KMC implementation (gaining understanding, gratitude and trust from parents, not used to working under parental presence, and concerning nursing safety issues), barriers to KMC implementation (lack of unified norms and standards, lack of systematic training and communication platform, insufficient human resources, and inadequate parental compliance) and suggestions for KMC implementation (improving equipment and environment, strengthening collaboration between nurses and doctors, and support from hospital managers).
Conclusions: Despite acknowledging the clinical benefits of KMC, the lack of economic incentives, concerns about potential risks, and various barriers hindered healthcare providers' intrinsic motivation to implement KMC in NICUs in China. To facilitate the effective implementation of KMC, hospital managers should provide bonuses and training programs for healthcare providers, while giving them recognition and encouragement to enhance their motivation to implement KMC.

Keywords
kangaroo care, neonatal intensive care unit, preterm, healthcare providers, qualitative study


1 Introduction

According to the World Health Organization (WHO), an estimated 13.4 million preterm babies were born globally in 2020, accounting for 9.9% of total newborns (1, 2). In China, the overall incidence of preterm birth increased from 5.9% in 2012 to 6.4% in 2018 (3), and the rate of low birth weight also rose from 2.34% in 2010 to 3.70% in 2021 (4). Notably, in 2021, the low birth weight rate in Zhejiang Province was 4.48% (4), higher than the national average. It was indicated that the neonatal mortality rate in China had declined from 22.8% in 2000 to 3.1% in 2021 (4). Furthermore, the neonatal mortality rate in Zhejiang Province had dropped from 2.75% in 2010 to 1.16% in 2020 (5). From 2009 to 2018, the proportion of preterm births among newborn deaths in China increased from around 42.6–49.8% (6). Immaturity, asphyxia, and congenital abnormalities accounted for approximately 80% of preterm infant deaths (6). Preterm birth complications remained a leading cause of neonatal mortality in China (7), indicating that clinical care for preterm infants was still insufficient (8). Many survivors faced lifelong disabilities, including learning disabilities, sensory impairments, and motor disorders (9–11). In 2022, WHO updated its recommendations for preterm care, suggesting that Kangaroo mother care (KMC) should be initiated immediately after birth, which could significantly improve preterm infants' survival and health outcomes (12).

KMC refers to a clinical care approach in which the mother (or the father) of a preterm infant holds the naked baby against her (or his) bare chest in the same way as kangaroo parenting (13). This method allows for early, continuous, and prolonged skin-to-skin contact between the preterm infant and the parent, while also promoting exclusive breastfeeding and measures such as early discharge and post-discharge follow-up (14, 15). Compared to traditional care, KMC has numerous short-term and long-term benefits for newborns, such as stabilizing physiological status, promoting neurobehavioral development, enhancing immune function, increasing exclusive breastfeeding rates, and fostering attachment between the newborn and caregivers (16–19). Despite extensive research reporting on the benefits and effectiveness of KMC, this intervention has not been fully integrated into healthcare systems globally (20, 21).

China is confronted with one of the highest rates of preterm birth, a trend that continues to escalate annually (1, 3). In 2014, the National Health Commission of China's Department of Maternal and Child Health initiated the Premature Birth and Preterm Infants Intervention program, enlisting ten hospitals to pioneer the implementation of KMC (22). In 2017, the commission issued the “Guidelines for Health Care Services for Premature Infants,” which catalyzed the broader adoption of KMC within the country (23). Building on this momentum, the “Action Plan for Healthy Children (2021–2025)” (24), published by the National Health Commission, underscored the importance of promoting kangaroo care as a means to enhance the quality of life for premature infants. Despite these concerted efforts and significant strides, the practice of KMC has yet to achieve widespread adoption in China. Specifically, while the neonatal intensive care units (NICUs) of tertiary referral hospitals related to maternal and child health in China all provide level III of neonatal care (25), a survey revealed that the current adoption rate of KMC in these NICUs was mere 21.2% (22). This figure indicated that although some hospitals in China had piloted KMC in their NICUs to varying degrees, it did not become routine practice (26), and the scale-up of KMC implementation remained sub-optimal. Factors influencing KMC implementation primarily included environmental factors, parent/family factors, access factors, cultural factors, and professional factors (27). Among these factors, for healthcare providers, support from leadership, training programs on KMC, and adequate staffing were key to KMC implementation. Feucht et al. pointed out that healthcare providers played an important role in KMC (28). To some extent, they were the supporters and supervisors in KMC practice, requiring them to have the knowledge, experience, and willingness to implement KMC (29).

Previous qualitative studies on KMC for preterm infants primarily focused on parents' experiences of participation and the influencing factors to its implementation from their perspective (30–32). However, participants in these studies indicated that the information provided by healthcare professionals significantly influenced their experiences of engaging in KMC with their preterm infants. Therefore, it was crucial for healthcare providers to recognize the value of KMC and to establish strong relationships with parents to effectively explain the necessity and effectiveness of KMC, which would potentially enhance parents' adherence to KMC implementation (33). A study on the barriers and facilitators to KMC revealed that KMC implementation was not running optimally due to inconsistent local leadership, heavy workload, and the knowledge and attitudes of health workers (34). Feng et al. directly pointed out the importance of research conducted from the perspective of healthcare professionals and recommended exploring their views and suggestions on KMC to facilitate its implementation (35). It was evident that gaining insights into healthcare providers' cognitive and practical experiences of KMC, using a qualitative approach, was crucial in advancing the implementation of KMC.

However, research exploring the perceptions and experiences of healthcare providers regarding KMC was relatively limited. A qualitative study by Pratomo et al. indicated that due to the lack of systematic and formal KMC training, healthcare providers had misconceptions about certain aspects of KMC, which could impact the successful implementation of KMC (36). Some nursing staff mentioned in a study that despite improving their knowledge about KMC, they were still confused about its safety and appropriate application (37). On the other hand, Rahmatika et al. indicated that healthcare providers held positive perceptions of KMC and believed that this positive attitude was crucial for providing KMC education to facilitate its implementation (38). Only one study in China conducted a preliminary exploration of NICU nurses' participation in KMC, highlighting the shortage of nursing resources as a barrier to KMC implementation and emphasizing the importance of standardized language in communication, operational homogenization, and standardized training (39). However, the study was conducted in only one hospital and was limited to the real feelings and experiences of nurses without exploring their views and cognition on KMC implementation. Overall, there was a notable gap in research concerning the perceptions and experiences of NICU healthcare providers regarding implementing KMC.

This study aimed to conduct interviews with healthcare providers who implemented KMC for preterm infants in the NICUs of four tertiary hospitals across four cities in Zhejiang Province, China, in order to deeply explore their feelings and experiences in guiding parents of preterm infants to practice KMC, as well as their perceptions of KMC and the challenges they faced. This helped us comprehend the current situation of KMC practice in China from the healthcare perspective, enabling us to better promote the customized implementation of KMC in the future and providing a reference for KMC application in NICUs with similar restricted visitation policies in other developing countries.



2 Materials and methods


2.1 Study design

A descriptive qualitative design was adopted. This approach is appropriate for research questions that aim to provide the most direct and essential answers to the concerns of practitioners or policymakers, which enable new insights to emerge that provide a richer understanding of the phenomenon (40). This study is reported in accordance with the consolidated criteria for reporting qualitative research (COREQ) guideline (41).



2.2 Setting and participants

This study was carried out in the NICUs of four tertiary hospitals in Hangzhou, Shaoxing, Jiaxing, and Huzhou in Zhejiang Province, China, all of which had previously implemented KMC. These hospitals were chosen for the study based on their high utilization of KMC and accessibility. Initially, the first author directly contacted the head nurses of the NICUs in each hospital, explaining the research objectives and obtaining their consent to participate in the study. In each ward, the head nurse was assigned as the study coordinator for that site and assisted in recruiting a mix of doctors and nurses who had experience with KMC for interview. There had been no prior relationships between the researcher and these participants. However, we faced several challenges during recruitment, primarily due to the time constraints of the healthcare providers and their initial hesitancy to participate in research activities. To overcome these challenges, we established open communication with the healthcare providers in the NICUs, providing clear information about the study's aims and ensuring confidentiality. Additionally, we offered flexible scheduling for interviews to accommodate the participants' availability.

This study employed a purposive sampling method to select participants. The method effectively targets individuals with similar experiences based on predetermined criteria within a specific environment, thereby gathering comprehensive data for the study (42). Moreover, the selection process aimed to ensure the representation and diversity of participants by considering various factors like age and years of professional experience. All participants had to meet the following inclusion criteria: nurses and doctors both needed to be licensed; NICU working experience ≥ 5 years; having experience in KMC; proficiency in expression abilities. Exclusion criteria for healthcare providers included individuals in rotating, internship, trainee, or residency positions.



2.3 Data collection

Qualitative data were collected using face-to-face, semi-structured individual interviews conducted in four of the NICU wards from January to April 2023. Demographic details of participants were collected prior to the interview using self-designed questionnaires. The first author designed the initial interview outline, and after two pilot interviews and internal discussions, the semi-structured interview guide was revised and adjusted (43), mainly to ensure the questions could be easily understood by the interviewees (Supplementary Tables S1, S2).

Interviews were conducted in private and calm rooms within the healthcare facilities so that the participants would be more comfortable expressing themselves. At the outset of each interview, the primary researcher introduced herself and asked introductory questions to establish rapport and put participants at ease. Each interview lasted ~40–70 min, and all the interviews were conducted in Chinese and audio-recorded with the participant's consent. There were no repeat interviews. Field notes were taken and used to capture interview details, including non-verbal communication.



2.4 Data analysis

Data analysis occurred concurrently with data collection. All audio recordings were transcribed verbatim for the initial transcripts. These initial transcripts were manually verified against the recording for fidelity by the first two authors, and then managed using NVivo 12 software (QSR International, Melbourne, Australia). Participants were assigned codes to maintain confidentiality.

Data analysis was conducted using thematic analysis guided by Braun and Clarke's approach (44). The analysis process comprised the following six steps: initial codes were developed by two researchers after independently reading the first four transcribed interviews multiple times; through in-depth analysis of the remaining 13 interview transcripts, initial sub-themes and themes were developed; the researchers continued to enhance the sub-themes and themes through iterative refinement; the research team collaborated to refine the representation of sub-themes and themes, ensuring alignment with the research question and establishing the final thematic framework; all sub-themes and themes were subjected to review by the research team in order to establish consensus on clear definitions and names; the data analysis findings were presented in a narrative format by the first author, and subsequently confirmed by the research team.

The data analysis was conducted in Chinese, and selected thematic codes were translated into English for presentation in the Section 3. In order to avoid any misinterpretation or inaccurate translation, a rigorous process involving forward translation, back-translation and reconciliation of discrepancies was employed. The initial forward translation and the back-translation were conducted by the first author interviewer (QC), a female PhD candidate fluent in Chinese and English. Any differences that emerged during the back-translation were carefully reviewed and reconciled by the first co-author (YZ), who obtained her PhD degree in Australia and currently serves as a doctoral supervisor at a university in China. Quotations connected with each of these themes were selected and utilized to highlight the various fashions in which these participants described themes. Saturation was achieved when new information from interviews became limited, indicating the identification of all relevant themes and concepts (45). Specifically, after the 15th interview, there were no new themes generated from the interviews in our study. To ensure that we achieved data saturation, we proceeded with two additional interviews to ensure and confirm that no new themes were emerging. The pilot interview data were not included in the analysis.



2.5 Rigor

A qualitative study is commonly evaluated by trustworthiness, including credibility, transferability, dependability, and confirmability (46). In this study, credibility was established through peer debriefing, in which the researchers consulted with one another to address any ambiguities or disagreements on methodological issues or data analysis. Transferability was attained by the transparent method, which might allow auditing and replicating to occur in other settings. Dependability was obtained using verbatim transcriptions, detailed field notes, and a record of analytical decisions, as it provided an audit trail that could be reviewed and verified. Confirmability was obtained using interview quotations to illustrate the informants' voices in the results section.



2.6 Ethical considerations

Ethical approval was obtained from the Ethics Committee of the Women's Hospital, School of Medicine, Zhejiang University (Approval No. IRB-20220219-R) before the start of the study. Written informed consent was provided by each participant before the interviews. All participants could withdraw from the study at any stage without disclosing the reason. The audio recordings and transcripts were tagged with pseudonyms so that confidentiality and anonymity were assured and data were safely archived in files protected by passwords.




3 Results

A total of 17 healthcare providers in the NICUs were interviewed in this study, including four doctors and 13 nurses, with four nurses being head nurses. Among them, two doctors were male, while the rest of the participants were female. The participants ranged from 33 to 52 years old, with an average age of 41.2 years, and they had an average work experience of 19.7 years (11–33 years), with an average of 14.5 years of experience working in the NICUs (9–24 years). All participants held a bachelor's degree or higher and possessed intermediate or higher professional titles. The detailed characteristics of the participants are presented in Table 1. The analysis yielded four main themes and twelve subthemes, as outlined in Table 2.


TABLE 1 Characteristics of the healthcare providers interviewed (N = 17).
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TABLE 2 Themes and subthemes.
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3.1 Theme 1: different cognitions based on different perspectives

Differences in cognition on KMC were observed among healthcare providers. The majority of the participants believed that KMC could benefit preterm infants and their parents, including improving and stabilizing the infants' conditions, shortening their hospital stays, and alleviating family members' emotions. However, most healthcare providers also believed that, from the perspective of hospital revenue, the relatively low fees for KMC were essentially non-profitable compared to the time and effort they dedicated.


3.1.1 Acknowledged effects and benefits

The majority of healthcare providers [13 participants (76%)] endorsed the significant benefits of KMC for preterm infants. They pointed out that KMC could enhance and stabilize the physiological wellbeing of preterm infants, including breathing, heart rate, and body temperature. Moreover, KMC was observed to facilitate weight gain in preterm infants and better promote their health and development by providing a sense of security and close contact with their parents.

	Many of the preterm infants with underdeveloped lung development experienced desaturation and respiratory distress. However, when they were placed on their mother's chest, they did not need oxygen. (H6)

Some healthcare providers [five participants (29%)] also mentioned a notable association between the KMC and reduced hospitalization time for preterm infants. The adoption of KMC promoted the turnover of NICU beds to free up valuable bed resources to care for other preterm infants in need, which was particularly crucial in NICUs experiencing bed shortages or in hospitals undergoing diagnosis-related group system (DRGs) assessment. Moreover, by shortening the duration of hospitalization, KMC decreased the risk of nosocomial infection among preterm infants.

	Especially for now, there is also an assessment based on DRGs. If the length of hospital stay is too long, the costs will be higher, resulting in a loss… KMC can shorten the hospital stay of preterm infants, reducing bed occupancy and thereby increasing bed utilization rates, indirectly promoting the revenue of the NICU… There is a heightened risk of infection for a preterm infant who is unable to be discharged for a prolonged period. (H3)

Moreover, some healthcare providers [three participants (18%)] highlighted that KMC had additional effects on parents of preterm infants and hospitals. During KMC, parents actively participated in caring for their preterm infants and observed their infants' condition and changes firsthand, which could alleviate their negative emotions, foster communication between parents and healthcare providers, and potentially enhance the hospital's reputation positively.

	Enabling parents to witness their preterm infants visually helps alleviate their anxiety and pressure. It can also minimize complaints, promote the hospital's reputation, and reduce potential disputes and conflicts. (H13)



3.1.2 Not profitable economically

Despite the benefits KMC brought to families of preterm infants and hospitals, the economic revenue it could gain was a consideration. As an emerging nursing care practice, the fees for KMC needed regulation by the Price Bureau, that is the fees should be set according to specific standards rather than arbitrarily based on costs incurred. Some healthcare providers [six participants (35%)] believed that the fees for KMC were relatively low, and the current charge standards did not reflect the actual costs of the services and resources provided by healthcare workers.

	It's really cheap, not covering the costs because our KMC is priced at just 120 RMB per session, but as far as I know, the effort our nurses put in far exceeds the value of this amount. (H17)

In contrast to low fees, department costs for KMC implementation were high. Many healthcare providers [nine participants (53%)] mentioned that implementing KMC was basically a financial loss compared to the substantial time and effort dedicated by medical staff. Despite KMC being predominantly carried out by parents of preterm infants, medical staff's guidance, collaboration, and support were deemed crucial, thereby further increasing their workload. For NICUs, the extra costs incurred by the devotion of medical staff may not have been fully compensated through KMC charges.

	Basically, the nurse spends almost two hours for each session. The income generated is very little. In terms of the labor costs, doing KMC is actually a loss. Spending the entire morning there only earns a few tens of yuan for the department. That's why many hospitals are reluctant to do it. (H1)




3.2 Theme 2: ambivalent emotions regarding KMC implementation

The emotional experience of healthcare providers involved in KMC was ambivalent. They mentioned that receiving positive feedback from parents made them feel their efforts were acknowledged and appreciated, which brought them a sense of accomplishment and fulfillment. However, they still felt uncomfortable and uneasy about the working pattern with parents present, and they also worried about potential risks or adverse effects that might arise from KMC. This sense of contradiction permeated their involvement in implementing KMC.


3.2.1 Gaining understanding, gratitude and trust from parents

During their participation in KMC, parents could direct skin-to-skin contact with their preterm infants and receive guidance on caring for infants from healthcare professionals, such as feeding. Some healthcare providers [five participants (29%)] expressed that they could sense the increasing satisfaction from parents and the gradual improvement in cooperation with each other. Gradually, a strong emotional connection was established, further enhancing the relationship between healthcare providers and parents. They mentioned that while supporting parents participating in KMC, they received positive emotional feedback from parents occasionally. The most important aspect of these gains was the understanding, gratitude, and trust, which made them feel their work was acknowledged and recognized.

	Tears welled in her eyes at the moment of skin-to-skin contact, feeling truly touched as she held her infant close. She was very grateful to us… If we assist her effectively, she will be extremely thankful. (H10)
	When parents witness firsthand and perceive the dedication you put into ensuring the well-being of their babies during this process, their sensation is profoundly intuitive, and then they will have a deeper level of trust. Many relationships are built in this way. (H11)



3.2.2 Not used to working under parental presence

With the restricted visitation system in NICUs, healthcare professionals had adapted to working without parents present. Implementing KMC meant that their procedures and communications were exposed to the parents. Some healthcare providers [seven participants (41%)] expressed feeling anxious and stressed due to the perceived scrutiny and monitoring by parents. They were concerned that parents might question their professional competencies or the quality of care, causing them to be highly vigilant in their words and actions to avoid criticism or reproach.

Our nurses were used to working without the presence of parents. Having parents involved in KMC definitely adds pressure on us because they would observe all our behaviors. We all know that our operations are not always perfect, which is impossible, but parents may not think it that way. (H2)

Moreover, in the era of highly advanced modern information technology and networking, parents present at the scene might take photos, record audio or videos to document specific medical procedures or even detailed conversations among healthcare providers. Some healthcare providers [five participants (29%)] mentioned that once these recordings were disseminated and magnified, they could pose hidden risks of medical disputes. Even inadvertent errors or negligence could be scrutinized and distorted later, potentially damaging their reputation and professional careers.

	Parents may misunderstand if healthcare workers deviate slightly from standardized procedures in some operations or even the things mentioned in our casual conversations. This information might be exposed online or shared in other ways, so we need to be very cautious. It makes us feel nervous internally. (H4)



3.2.3 Concerning nursing safety issues

Parents' involvement in KMC entailed their entry into the NICU. Many healthcare providers [eight participants (47%)] were concerned that some parents might be in the latent period of infection or carry pathogens. Additionally, parents typically did not undergo strict disinfection procedures before entering the NICU. Some items that had not been disinfected, such as phones, keys or wallets, could also have carried pathogens, thereby increasing the risk of infection for preterm infants.

	There are still some risks in the entire process, and we fear the possibility of hospital-acquired infections. This is actually our biggest concern. (H3)

Some healthcare providers [four participants (24%)] expressed that inadequate observation and delayed responses in the process of KMC could potentially result in adverse events. This was particularly concerning when there was a shortage of nursing staff and lapses in care. For instance, preterm infants might experience a drop in oxygen saturation during feeding. If nurses do not notice this promptly, it could lead to complications. Similarly, during skin-to-skin contact, preterm infants could accidentally suffocate due to their immature respiratory systems.

	Especially those infants who require oxygen therapy are inherently unstable. If their condition suddenly changes during this process, even if we come over to deal with it immediately, it may still cause harm to the infant. (H11)




3.3 Theme 3: barriers to KMC implementation

Healthcare providers indicated that they faced some practical obstacles in implementing KMC. The lack of standardized protocols might affect its effectiveness and safety. The absence of systematic training for them could impact the quality of KMC implementation. Additionally, insufficient manpower and parental compliance might affect its successful implementation.


3.3.1 Lack of unified norms and standards

Many healthcare providers [10 participants (59%)] indicated that hospitals in China had not established unified, standardized KMC implementation protocols, leading to variations in operational norms or execution standards among hospitals. Due to the lack of standardization, the implementation process of KMC could easily become a more subjective care-giving behavior, making it challenging to ensure the quality and safety of KMC and bringing about confusion and uncertainty for healthcare providers.

	Currently, KMC may have its own standards in each hospital, but it has not formed a relatively unified operational process like many other procedures, so there is no clear execution standard. (H9)



3.3.2 Lack of systematic training and communication platform

Some healthcare providers [six participants (35%)] mentioned that hospitals generally lack systematic training on KMC. If KMC was not regularly implemented, some details might be overlooked. However, some NICU departments believed they had been conducting KMC for a long time and were already proficient without encountering adverse events during implementation. Consequently, they underestimated the importance of regular, systematic KMC training.

	There is no specialized training available for KMC. In reality, it is needed. Everyone is very busy with their work, and if something is posted in the DingTalk work group, they may not pay much attention to it. (H12)

Some healthcare providers [five participants (29%)] also mentioned the absence of synchronous experience-sharing and learning channels. Currently, there is no specialized platform or website for KMC communication, making it difficult for them to exchange experiences and engage in online learning activities. This hindered the improvement of KMC implementation quality and the timely adoption and application of the latest advancements and progress.

	Training and communication regarding KMC for preterm infants are still relatively scarce. We are not quite sure about the current situation and how well-established hospitals are approaching this. (H16)



3.3.3 Insufficient human resources

The majority of healthcare providers [12 participants (71%)] indicated that participating in KMC directly increased their workload, which emerged as a primary challenge. Consequently, effective implementation became difficult when the departments were busy or under circumstances of limited nursing staff. The low nurse-to-patient ratio imposed a heavy workload on healthcare providers, constraining their ability to allocate the necessary time and energy for the high-quality implementation of KMC. This scarcity of personnel not only hindered the effective execution of KMC but also potentially influenced healthcare providers' attitudes toward and willingness to implement KMC.

	The nurse-to-patient ratio is insufficient. One nurse has to care for 10 infants or even more, and we really don't have enough time to spare. We can't even complete our daily tasks, so how can we do it? That's why we have to assign additional nurses specifically for KMC. (H15)

Furthermore, some healthcare providers [five participants (29%)] highlighted that implementing KMC required a high level of nursing competence. It frequently needed the support of nurses with extensive experience, as younger nurses might lack the requisite professional knowledge and skills. Particularly in terms of communication with parents and providing guidance, younger nurses often felt inadequate, which exacerbated the issue of insufficient human resources.

	Nurses with limited experience cannot independently implement KMC. It requires nurses with a certain level of clinical experience and expertise, as the scope of communication and guidance involved is highly flexible. Younger nurses may only provide mechanical responses when communicating with parents, and they are unable to offer effective education or address queries. Handling unexpected situations is even more challenging for them. (H1)



3.3.4 Inadequate parental compliance

The acceptance and compliance of parents were also mentioned as another barrier during the implementation of KMC. On the one hand, some healthcare providers [five participants (29%)] noted a lack of understanding coupled with misconceptions and cognitive dissonance regarding KMC among preterm infant parents. For instance, some parents did not grasp the necessity and benefits of KMC, mistakenly believing that hospitals offered KMC solely for profit-making purposes. These biases and misunderstandings brought psychological discomfort, leading to their resistance toward KMC.

	Many parents may not fully understand the importance of KMC. Some mothers may even think it's just a way for the hospital to charge them; they think that such little infants know nothing. These cognitive biases make it difficult for them to persist with it. (H2)

On the other hand, healthcare providers [three participants (18%)] mentioned that some parents might discontinue their participation or inconsistently engage in it after the initial trial for various reasons, including feelings of fatigue, time conflicts, or the perception of no significant effects. These factors diminished the acceptance and involvement of parents in KMC, ultimately resulting in challenges in maintaining long-term commitment or deeming it unnecessary to continue.

	Some parents come for the first time but don't want to return for the second time. They come today, but feel it's unnecessary to come tomorrow. In this way, the care plan is disrupted. (H7)




3.4 Theme 4: suggestions for KMC implementation

To promote and optimize the implementation of KMC, healthcare providers proposed a range of suggestions and improvement needs, hoping to comprehensively improve it through a multi-pronged approach. These included enhancing the equipment and environment, fostering collaboration and communication among healthcare providers, and acquiring support from hospital managers.


3.4.1 Improving equipment and environment

Many healthcare providers [nine participants (53%)] highlighted that engaging in KMC was a hard and laborious task for parents, especially when faced with sub-optimal facilities or uncomfortable environments, which would directly influence their experiences. Therefore, it was recommended that the KMC implementation environment and equipment should be optimized, such as providing better privacy protection and adjustable reclining chairs, to create a more cozy, homely, and family-oriented KMC implementation space, thereby enhancing parental compliance and satisfaction.

	The equipment for KMC needs to be improved anyway; the more comfortable, the better. Our KMC chairs should be both easy to disinfect and comfortable. (H15)
	It's definitely better to have one private room per family and then optimize its environment. The layout should be warmer, more daily, and more family-friendly, and it would be great to play some music, creating a relaxed atmosphere. (H8)



3.4.2 Strengthening collaboration between nurses and doctors

Apart from the above, some healthcare providers [six participants (35%)] highlighted the significant impact of the close collaboration between medical and nursing staff in KMC practice. Nurses observed that parents trusted doctors more and recommended that doctors should engage in KMC advocacy together with them to enhance parental compliance. Furthermore, cooperation among healthcare providers ensured the smooth delivery of information and coordinated KMC implementation plan, thereby improving the effectiveness and quality of KMC.

No matter how well we nurses do it, parents may not appreciate it. However, they all listen to doctors very attentively, so it's essential for doctors to be involved and convey this information to the families. (H14)

	Doctors may need to participate in the KMC, either providing guidance or updating on the infants' condition. Some doctors may need a prompting reminder to be more proactive and involved. There is potential for further deepening their engagement in this aspect. (H9)



3.4.3 Support from hospital managers

The majority of healthcare providers [11 participants (65%)] emphasized that support from hospital managers played a pivotal role in driving the practice of KMC. It was crucial for managers to acknowledge the significance of healthcare professionals in KMC and provide appropriate incentives for those involved in the practice. Among various incentive measures, performance bonuses were considered one of the most practical and effective ways, especially in the current shortage of human resources in NICUs. By integrating the KMC implementation into performance evaluations and providing bonuses, more nurses would be motivated to engage in KMC during their rest time, thereby alleviating the issue of manpower shortage to some extent.

	If there are rewards, nurses will be more willing to do it, even on their rest days. So, the hospital should emphasize the labor value, and a performance bonus is the most realistic and tangible. (H5)

In addition to the material rewards, some healthcare providers [four participants (24%)] agreed that spiritual incentives were also crucial. These non-monetary incentives are mainly manifested in the praise and recognition of individuals involved in KMC to enhance their sense of honor and achievement. By publicly acknowledging and commending, managers could make healthcare professionals feel the importance and value of their contributions to KMC, thereby inspiring greater enthusiasm and dedication in their work.

	The managers have praised our team's efforts at hospital weekly meetings several times. And they also extended invitations to staff from other medical facilities to visit us and learn about KMC practice. Such positive feedback serves as a strong source of encouragement for us. (H6)

Moreover, over half of the healthcare providers [nine participants (53%)] mentioned the vital importance of policy and institutional support from the hospital leadership level for KMC. They stated that if the medical and nursing departments jointly emphasized and actively promoted the implementation of KMC, it would undoubtedly be carried out effectively. This was because only with the top-down attention and comprehensive support from hospital managers could the hardware facilities and staffing keep up more smoothly, and the high execution ability of clinical nurses could be fully leveraged.

	In Chinese hospitals, as long as the managers are willing to do and support it, it can definitely be implemented…When it comes to implementing KMC, from hospital managers to department managers to nurses, I think everyone should have the mindset to carry it out. (H17)





4 Discussion

Although healthcare providers generally acknowledged the significant benefits of KMC for preterm infants and their parents, there remained a lack of intrinsic motivation to implement KMC, mainly due to the lack of economic profitability. Moreover, other potential concerns arose in the process of KMC, such as worries about nursing risks, potential pressures and disputes stemming from parents' presence, and various obstacles to KMC implementation, such as inadequate human resources. These factors indicated that promoting the implementation of KMC in China faced significant challenges. Therefore, there was a pressing need to enhance collaboration among healthcare providers and gain support from hospital managers to facilitate the implementation of KMC in China.

This study showed that the lack of motivation among healthcare providers to implement KMC mainly stemmed from the economic unprofitability of departments and hospitals. In the market-oriented healthcare environment in China, hospitals need to be responsible for their own profits and losses, which means they are financially self-sufficient (47, 48). When deciding whether to implement a program or procedure, they needed to conduct a cost-benefit analysis. Healthcare providers perceived KMC charges as relatively low. Compared with the corresponding space, equipment, and manpower input, the expenses for KMC could not make ends meet. Moreover, healthcare providers' bonuses were directly tied to hospital income (49, 50), and the lack of economic incentives made them feel insufficiently motivated to implement KMC. This viewpoint represented the personal and subjective cognition of the healthcare providers we interviewed, reflecting their concerns and experiences related to the economic aspects of KMC implementation. Actually, some studies indicated that in environments with limited medical resources, KMC was recognized as the most straightforward and cost-effective method for managing preterm infants, especially when compared to the financial losses that may result from not providing KMC (51, 52). However, the extent to which KMC aligns with the long-term interests of hospitals in China, particularly in Zhejiang Province with relatively abundant medical resources (e.g., incubators) but high human resource costs, necessitates further research and validation. The core reason why hospital managers were reluctant to carry out KMC was not due to a lack of awareness of its clinical benefits but because KMC was not profitable in Chinese hospitals under the current pricing system. At present, with the gradual promotion of DRGs in major hospitals in China, hospitals might be more motivated and willing to provide nursing services such as KMC, which could shorten the average hospital stay (53). With the full roll-out of DRGs, hospitals would receive reasonable compensation for the costs associated with implementing KMC (54, 55), which is likely to be an opportunity for the future promotion of KMC.

Our study emphasized that insufficient human resources was a significant barrier that affected the implementation of KMC, which is similar to previous findings. A review on KMC in the sub-Saharan African region indicated that the shortage of healthcare workers limited the support available to parents, hindering the implementation of KMC (34). In countries such as Malawi and Indonesia, challenges related to human resources and concerns about increased workloads were reported as obstacles to implementing KMC (56, 57). The financial self-sufficiency attribute of Chinese hospitals meant that when allocating healthcare staff, hospitals needed to consider not only whether they could meet the medical workload but also the human efficiency, which was likely the underlying reason for the shortage of doctors and nurses in China. Compared to high-income countries like the United States, the ratio of nurses to preterm infants in China was relatively low (58, 59). However, a study indicated that while an initial increase in workload during the early stages of KMC implementation, continuous KMC implementation thereafter could reduce the nurse workload (56), which deserved further attention and exploration in future research. Additionally, if KMC were included in medical insurance, hospitals would be relieved of the burden of economic considerations when implementing KMC but rather focus on whether it was beneficial for preterm infants (60). Therefore, it is necessary to call on policymakers to include KMC in medical insurance, providing the necessary institutional guarantee and support for NICUs to carry out KMC.

In the absence of economic incentives, the key to successfully integrating KMC into routine practice laid in the support of hospital managers. This involved motivating healthcare staff, particularly nurses, to engage more effectively in KMC through enhancing their intrinsic drive and external support. Research showed that a lack of leadership's spiritual motivation or support could make healthcare workers more susceptible to wavering, which affects the implementation and participation in clinical operations (61). Their intrinsic motivation could be enhanced through hospital managers' recognition and reinforcement of their values (62). Therefore, managers should demonstrate the significance of KMC in the recovery of preterm infants and the wellbeing of parents to nurses, enabling them to perceive their contributions as valuable and appreciated. This internal cognition and motivation should have been considered a key part of healthcare personnel management and should have been taken into account when assessing staffing and implementation (27, 38). Studies on the introduction of KMC found that many nurses and doctors attributed their enthusiasm for KMC to the leadership and support of hospital managers (26, 60). Moreover, it was found in our study that the performance bonus was the most practical and effective support measure currently available, as evidenced in previous research (63). Therefore, incorporating the KMC implementation into performance appraisal could enhance the enthusiasm and involvement of healthcare workers in KMC.

Our findings indicated that there were differences in the perceptions of KMC between healthcare providers and parents of preterm infants. According to the literature, parents' cognition and evaluation of KMC directly influenced their decisions and behaviors, including their willingness to accept KMC and their degree of involvement in the implementation process (31). Although healthcare providers believed that KMC charges were relatively low and even resulted in department losses, it was purely for the benefit of preterm infants and parents; on the other hand, many parents failed to realize the significance and benefits of KMC and misunderstood medical staff implementing KMC to make a profit. To some extent, this was also related to the fact that KMC was not included in the medical insurance; non-insured medical procedures were easy to be regarded as unnecessary by parents and provided by hospitals solely for profit-driven purposes (64). The cognitive gap in KMC between healthcare providers and parents of preterm infants stemmed from information asymmetry between the two parties. Breaking down these cognitive barriers to achieve better understanding was crucial (32). This also highlighted the inadequacy of healthcare providers' early KMC education efforts. A study suggested to introduce the concept of KMC during prenatal care or immediately after delivery (65). Meanwhile, healthcare providers should enhance KMC advocacy and education to promote long-term parental engagement and compliance.

Our study also found that some healthcare providers harbored negative emotional experiences of KMC, believing that the presence of parents would increase the risk of nursing safety and medical disputes. This negative attitude hindered staff from actively engaging in KMC. However, previous research showed that parental involvement in KMC could promote the recovery of preterm infants, enhance parental understanding of preterm infant-related knowledge, and teach them some care-giving skills (66, 67), while KMC did not increase the incidence of infants' infections in NICUs (68). In our study, some healthcare providers perceived parental involvement in KMC as a burden, which was obviously one-sided and biased. This perception might be related to the fact that Chinese NICUs traditionally operated as unaccompanied wards, with staff having limited contact with parents and being unaccustomed to working in front of parents (69). To some extent, healthcare providers' concerns about the potential risks of medical disputes when operating under parental supervision or monitoring confirmed the tense doctor-patient relationship in China (70). While excluding parents may have mitigated certain risks for healthcare providers, it also meant missing an opportunity to establish a trusting relationship with parents, which could have posed obstacles to specific tasks later on (71). Therefore, it is of great significance to shift the mindset of healthcare providers, enhance communication and trust with parents, and alleviate concerns about the presence of parents.

On the other hand, some healthcare providers in our study expressed that they could sense the increasing satisfaction from parents and the gradual improvement in cooperation with each other, which in turn strengthened their intrinsic motivation to carry out KMC. In other words, some medical staff had also become aware of the positive aspects from parents of preterm infants. It is indeed natural for healthcare providers to hold conflicting feelings or attitudes about the parent's presence during KMC, given their differing perspectives and experiences. Therefore, in promoting KMC, healthcare providers should not solely concentrate on the potential risks associated with parental involvement, but rather raise awareness of the positive aspects of parental involvement. Studies showed that healthcare providers' knowledge, beliefs, and attitudes toward KMC were crucial for its implementation (37, 72). When staff in NICUs feel that they are assisting preterm infants and their parents in resolving issues through KMC, they would not perceive parental presence as a nuisance or a disadvantage. Conversely, if healthcare providers are merely going through the motions of their tasks, they may view the presence of parents as disruptive and inconvenient. Studies involving healthcare providers and parents participating in KMC demonstrated that as parents became more familiar with daily nursing, both parties experienced reduced anxiety, leading to an improvement in the doctor-patient relationship and a closer bond (73, 74). As mentioned by the interviewees in our study, they sensed the trust and recognition from parents being elevated, the cooperation between staff and patients gradually being improved, and a solid emotional connection was established between them. Therefore, healthcare providers need to recognize the positive significance and value behind parental involvement, viewing it as an essential way to promote the recovery of preterm infants and enhance relationships with parents. This positive feedback will further enhance their motivation to implement KMC.

Understanding the barriers and challenges to implementing KMC in specific settings is the foundation for successful implementation. In our study, some participants pointed out that the current training related to KMC was insufficient, and the standardization still needed further improvement and uniformity. Considering that the personnel implementing KMC in China were relatively not fixed, the unified operations could not only make the entire KMC process more standardized, systematic, and comprehensive but also avoid the waste of manpower and resources (26, 64). Therefore, it is necessary to localize the existing KMC guidelines based on evidence-based methods and establish standardized practices for KMC implementation that are suitable for the Chinese context. Furthermore, through systematic training and policy support, healthcare providers can acquire the necessary knowledge and skills, creating a more conducive environment for KMC implementation, reducing their concerns, and boosting the team's confidence in KMC practice (75). Existing studies indicated that these standards and training programs should at least cover aspects such as how to properly implement KMC, how to deal with potential risks, and how to communicate with parents effectively (76–78). In this way, tailored support strategies should be developed from the perspective of healthcare providers to promote the implementation of KMC and expand the scale of KMC practice in China.


4.1 Limitations

This study used a qualitative research method to explore the perceptions and experiences of Chinese healthcare providers in caring for parents' KMC of preterm infants in four NICUs in China. However, the study had several limitations. First, although the researchers and participants were in a quiet and undisturbed office during the interview, it was inevitable that participants would be interrupted by calls they needed to answer or other tasks requiring urgent handling, which may have impacted their thinking during the interview. Second, all hospitals included in the study are tertiary hospitals, including general teaching hospitals and maternal and child healthcare hospitals located in major urban cities in Zhejiang. The experience and practice of KMC in lower-level healthcare facilities may be different.




5 Conclusions

Our study showed that although healthcare providers generally agreed on the importance and benefits of KMC for infants and parents, after considering multiple factors, they believed that implementing KMC was not cost-effective and lacked intrinsic motivation for implementation. These factors included the fact that KMC was not profitable at the economic level, concerns about potential risks due to the presence and participation of parents, and obstacles such as insufficient human resources and lack of norms in the implementation. It is recommended that hospital managers provide policy support in performance appraisal and recognize and encourage healthcare professionals so as to enhance their motivation to implement KMC. Promoting parental compliance with KMC also requires collaboration between medical and nursing staff. Moreover, it is also necessary to improve the training of staff and standardize the KMC program so as to form a more conducive and supportive KMC implementation environment.
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Objective: This study aimed to explore the combination effects of prenatal exposure to environment tobacco smoke (ETS) and nutrients supplement during pregnancy on childhood obesity in preschoolers.



Methods: A cross-sectional study was conducted with 58,814 child-mother dyads from 235 kindergartens in Longhua District of Shenzhen, China in 2021. A self-administered structured questionnaire was completed by mothers to collect socio-demographic characteristics, prenatal ETS exposure, and nutrients supplement in pregnancy, and preschoolers' heights and weights were measured at the same time. After controlling for potential confounding variables, logistic regression models and cross-analyses were used to examine the independent and combination effects of maternal prenatal ETS exposure and nutrients supplementation during pregnancy on obesity in preschool children.



Results: The results of our study showed that prenatal ETS exposure increased the risk of childhood obesity (AOR = 1.22, 95% CI = 1.11–1.34) in preschoolers. In addition, risk of childhood obesity was significantly higher when mothers didn't take supplements of multivitamins (AOR = 1.12, 95% CI = 1.05–1.20), folic acid (AOR = 1.23, 95% CI = 1.10–1.37) and iron (AOR = 1.11, 95% CI = 1.04–1.19) during pregnancy. The cross-over analysis showed that the combination of prenatal ETS exposure with mothers taking no multivitamins (AOR = 1.40, 95% CI = 1.21–1.62), no folic acid (AOR = 1.55, 95% CI = 1.12–2.14) and no iron (AOR = 1.38, 95% CI = 1.19–1.59) during pregnancy also increased the risk of obesity among Chinese preschoolers. We also discovered additive interactive effects between prenatal ETS exposure and no maternal multivitamin, folic acid and iron supplementation in pregnancy on the risk of obesity in preschoolers.



Conclusion: The combination of prenatal exposure to ETS with no supplementation of these nutrients might jointly increase the risk of childhood obesity. Public health interventions are needed to reduce prenatal exposure to ETS and to encourage mothers to take appropriate multivitamin, folic acid and iron supplements during pregnancy.
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1 Introduction

Childhood obesity has become a major public health problem worldwide, with the global childhood obesity rate increasing year by year. According to a survey of 128.9 million people from 1975 to 2016 (1), the global obesity rate for the age range of 5–19 years, increased from 0.7% in 1975 to 5.6% in 2016 for girls, and from 0.9% in 1975 to 7.8% in 2016 for boys, with estimates of 50 million girls and 74 million boys being obese worldwide by 2016. In line with the global obesity epidemic, the obesity rate of children in China has also shown an increasing trend. For example, according to the Health and Nutrition Survey (2), the childhood obesity rate in China increased from 5.3% in 1991 to 16.2% in 2015 in children and adolescents aged 6–17 years. These increasing prevalence rates are concerning given that childhood obesity is likely to persist into adulthood (3, 4), and is an important risk factor for the development of chronic diseases in adulthood such as type 2 diabetes, cardiovascular disease, chronic kidney disease and cancer (5, 6), many mental health problems and premature death (7).

Childhood obesity is considered a multi-factorial metabolic disease (8). From the perspective of Developmental Origins of Health and Disease (DOHaD) hypothesis (9, 10), the occurrence of childhood obesity is influenced by exposure to a range of risk and protective factors during early life (i.e., pre-pregnancy, pregnancy and infancy). Early life may be a critical period for the development of excess weight children due to it being a time of strong body cell division and differentiation, as well as a key period when the formation of tissues and organs are particularly sensitive to external stimuli (11). Exposure to a variety of risk factors during pregnancy may therefore lead to metabolic “programming” that can alter postpartum susceptibility to obesity. This metabolic programming persists into adulthood and plays an important role in the development of chronic diseases in adulthood (12, 13). According to the DOHaD hypothesis, if the fetus is stunted due to intrauterine malnutrition, it will attempt to overcome these limitations by adopting a thrifty energy phenotype (14, 15) which can lead to the occurrence of low birth weight (LBW). When then encountering a nutrient-rich postpartum environment, this mismatch between the state of the postpartum and intrauterine nutritional environments may accelerate the growth of infants and young children and result in the childhood obesity (16).

The most direct cause of intrauterine malnutrition is maternal malnutrition during pregnancy. Our previous research found that inadequate folic acid supplementation during pregnancy was associated with an increased risk of obesity in preschoolers born with SGA, and that this relationship was altered by prenatal multivitamin and iron supplementation (17). However, intrauterine malnutrition is not only related to the mother’s nutrient supplementation, but also to the normal function of the placenta (18). The placenta and umbilical cord are the most important organs connecting the mother and the fetus: being responsible for transporting nutrients and oxygen, and timely discharging the fetal metabolic waste (19). If the placenta is damaged or underdeveloped, it may not be able to deliver enough nutrients and oxygen from the mother to the fetus, eventually leading to intrauterine growth restriction or LBW (20). Our previous studies have shown that prenatal exposure to cooking oil fumes can impair placental development or alter the structure and function of the placenta (21). Several studies have also shown that prenatal exposure to air pollution can lead to an increase in placental vascular resistance (22, 23). These results suggest that exposure to air pollution may affect the function of the placenta, thereby creating a malnourished environment for the fetus.

Environmental tobacco smoke (ETS) is one of the main sources of indoor air pollution (24). ETS contains more than 7,000 chemicals (25), with the main harmful components including nicotine, tar, carbon monoxide (CO), polycyclic aromatic hydrocarbons (PAHs), nitrogen oxides, nickel, cadmium (26, 27) (see Figure 1). Currently, the rate of maternal exposure to ETS during pregnancy is high in many countries. For example, a retrospective cohort study by Crane et al. found that the rate of prenatal exposure to ETS was 11.1% (28), and two studies from Saudi Arabia and Spain reported that the proportion of women exposed to ETS during pregnancy was 31.7 and 55.5%, respectively (29, 30). In China, a survey of 15 provincial and municipal health care institutions across the country by Wang et al. found that 20.2% of women were exposed to ETS during pregnancy (31).
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FIGURE 1
The main harmful components of environmental tobacco smoke. CO, carbon monoxide; PAHs, polycyclic aromatic hydrocarbons.


Our previous research showed that prenatal exposure to mosquito coil smoke (MCS) was associated with an increased risk of childhood obesity (32). Moreover, a meta-analysis reported that children with mothers smoking during pregnancy had a 50% increased risk of being overweight compared to children with non-smoking mothers in pregnancy (33). Similarly, a study by Durmus et al. reported that children whose mothers smoked during pregnancy had an increased risk of obesity at age 4 (34). However, the effect of prenatal ETS exposure on obesity in preschool children has not been studied. In addition, given the emerging evidence that maternal prenatal consumption of nutritional supplements may be protective for LBW, we believe it is plausible that this may also be protective for obesity in young children. Moreover, the combination effects of prenatal ETS exposure and nutrients supplement on childhood obesity is unclear. This study therefore aimed to explore the relationship between prenatal ETS exposure, and maternal nutritional supplementation with childhood obesity. We hypothesized that (1) maternal prenatal ETS exposure would be a risk factor; (2) maternal prenatal nutritional supplementation would be a protective factor for childhood obesity; and (3) the combination of prenatal ETS exposure and a lack of nutrient supplementation will show an interactive effect upon the risk of childhood obesity.



2 Materials and methods


2.1 Setting and subjects

A population-based survey was conducted from October to December 2021 in 235 kindergartens in the Longhua District of Shenzhen, China, with a total of 67,324 child-mother dyads recruited. Within this sample, 7771 preschool children born post-term (gestational age >42 weeks) or as giant infants (birth weight >4,000 g) were not included in this study. Three child–mother pairs were excluded due to missing information on prenatal exposure to environmental tobacco smoke, and 736 dyads were excluded due to missing data on the weight or height of the child. This resulted in a total of 58,814 child–mother pairs being included in the final analysis (Figure 2).
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FIGURE 2
Flow chart of the analytic sample selection process.


The study was approved by the Ethic Committee of the School of Public Health of Sun Yat-sen University. A written informed consent was obtained from the mothers of all the children involved in the study, in accordance with the Declaration of Helsinki.



2.2 Data collection

The following process was utilized to develop the self-administered structured questionnaires used in this study. First, we set up a research group and clarified the purpose and object of this study: that was, the effects of exposure to various environmental factors in early life on the obesity in Chinese preschool children. Second, we read a large number of domestic and foreign literature, and referred to the formative questionnaires used in past studies. In addition, from this literature review we identified various environmental factors that a child may be exposed to at various early stages of life. From these activities, we developed the initial draft of the content and structure of the questionnaire. Third, we liaised with experts from the Women’s and Children’s Hospital of Longhua District of Shenzhen on how to design the questionnaire’s questions and the answers, and arrange them in a logical and chronological order. Fourth, as a result of these discussions, we adjusted the layout of the draft questionnaire, including the adjustment of the language, the control of the time of filling in the questionnaire, and the arrangement of the cover instructions and the confidentiality explanation. Fifth, before the formal survey, we conducted a pilot survey and reliability and validity tests. We had made timely changes to the problems identified during the pilot survey, including improving the wording of questions that were poorly understood, the unreasonable option settings, and adding more comprehensive wording to improve the readers’ understanding of some variables, such as the frequency and amount of exposure. Finally, after repeated discussion and modification by experts in many fields such as epidemiology, child education, child health care and health management, the final questionnaire was determined to be ready for the study.

The enrolled mothers were instructed to complete a self-administered structured questionnaire to collect the following information (1): Social-demographic characteristics of the parents’ age at the childbirth, parents’ education level, household income and parents’ marital status; (2) Child’s birth date and gender; (3) Birth-related information including gestational age and birth weight; (4) Maternal pre-pregnancy weight and height, and weight gain during pregnancy; (5) Maternal household air pollution exposure during pregnancy including environmental tobacco smoke, cooking oil fumes, mosquito coil smoke and incense burning smoke.



2.3 Prenatal ETS exposure measurement

The researchers asked the mothers the following question to measure their prenatal ETS exposure throughout pregnancy: “Did anyone in the family living with the mother smoke (including e-cigarettes) during pregnancy?” (Two answer options: “No” or “Yes”.) If the answer was “yes,” then prenatal ETS exposure during the pregnancy was considered to be present.

The following questions were used to measure the degree of ETS exposure during each trimester of pregnancy: (1) “During your pregnancy in 1–13 weeks (first trimester)/in 14–27 weeks (second trimester)/after 28 weeks (third trimester), how many cigarettes did others smoke per day in your home?” (Five answer options: 1 score for “1–5 cigarettes/per day”, 2 score for “6–10 cigarettes/per day”, 3 score for “11–15 cigarettes/per day”, 4 score for “16–20 cigarettes/per day”, and 5 score for “>20 cigarettes/per day”.); (2) “During your pregnancy in 1–13 weeks (first trimester)/in 14–27 weeks (second trimester)/after 28 weeks (third trimester), how long were you exposed to ETS per day?” (Seven answer options: 1 score for “1–15 min/per day”, 2 score for “16–30 min/per day”, 3 score for “31–45 min/per day”, 4 score for “46–60 min/per day”, 5 score for “61–90 min/per day”, 6 score for “91–120 min/per day”, and 7 score for “>120 min/per day”).

The score of ETS exposure in frequency of cigarettes per day was the sum of each trimester’s cigarette score calculated as in question (1) above. This resulted in a possible score ranging from 0 to 15. For example, if a preschool child’s mother was exposed to 1–5 cigarettes per day during the 1st trimester, 6–10 cigarettes per day during the 2nd trimester and >20 cigarettes per day during the 3rd trimester respectively, then the preschool children’s score would be “1 + 2 + 5 = 8”. Similarly, the score of ETS exposure in average time per day was calculated in the same way based upon the results of question (2) above, producing a possible score ranging from 0 to 21. The ordinal rankings for the score of ETS exposure in number per day were combined to produce 3 ordinal categories (0, 1–4, ≥5) representing never, low, and high frequency of cigarette exposure. Similarly, the ordinal rankings for the score of ETS exposure in time per day were merged to produce 3 ordinal categories (0, 1–5, ≥6) representing never, low, and high average time per day of ETS exposure.



2.4 Maternal nutrients supplement measurement

The following question was asked of mothers to measure the prenatal maternal nutrients supplement exposure throughout their pregnancy (17, 35): (1) “Did you take multivitamin supplements during pregnancy?” (2) “Did you take folic acid supplements during pregnancy?” (3) “Did you take iron supplements during pregnancy?” (Two answer options: “No” or “Yes”).



2.5 Obesity assessment

Well-trained nurses from Longhua Maternity & Child Healthcare Hospital took standardized measurements of the height and weight of each preschool children. A portable electronic weight scale (fractional value 0.01 kg) was placed on a level ground, and the children were asked to stand in the center of the scale without a hat, barefoot, and wearing close-fitting lightweight clothing. Once the values were stable, the nurses read and recorded the measurements, accurate to 0.1 kg. Height was measured with a column body altimeter (fractional value = 0.1 cm). The column human altimeter was placed vertically against a wall on a horizontal surface. Preschool children were asked to stand barefoot and bareheaded on a pedal, with their heels close together, feet spaced at an angle of 60°, chest raised, abdomen pulled in and eyes looking straight ahead. The nurses slid the slider to the apex of the measured child’s skull and read the measurement at the same eye height as the slider.

Body mass index (BMI) was calculated by dividing weight in kilograms by height in meters squared (kg/m2). We used BMI reference values based upon data from two national representative cross-sectional surveys: The National Growth Survey of Children under 7 years in the Nine Cities of China in 2005 and The Physical Fitness and Health Surveillance of Chinese School Students in 2005 (36, 37). The LMS method was used to smooth the BMI, with estimates of L, M, and S parameters, values of percentile and Z-score curves which were required were calculated, and then standardized growth charts were generated (38, 39). Adult cut-offs for overweight and obesity at 18 years was used to study the cut-offs for children 2–18 years of age. This study defined obesity as a BMI equal to or greater than the reference values for sex and age (36).



2.6 Confounding variables

According to the relevant literature and previous research (17, 20, 40, 41), potential confounding variables included child’s sex, child’s age, parents’ age at the childbirth, maternal prepregnancy BMI, parents’ education level, household income, prenatal exposure to cooking oil fumes, mosquito coil smoke and incense burning smoke during pregnancy, child’s ETS exposure during 0–3 years of age, child’s nutritional status and physical activity frequency of 0–3 years old.



2.7 Statistical analysis

The means and standard derivations (SD) were calculated to describe the continuous variables, and frequencies with percentages were calculated to describe the dichotomous or categorical variables. Student’ t-tests or chi-square tests were used for comparing between preschool children with and without obesity.

A cross-over analysis was performed to assess the combination effects on obesity between prenatal ETS exposure and nutritional supplementation. The associations between prenatal ETS exposure and nutritional supplementation with obesity were evaluated using unconditional binary logistic regression models, after adjusting for the confounding variables. Odds ratio (OR) and 95% confidence intervals (95% CIs) were presented to show the strength of association. The multiplicative interaction was estimated by the interaction of odds ratio (IOR) in the logistic regression models. If the 95% CIs of the IOR did not span 1, then the multiplicative interaction was considered significant. Moreover, the relative excess risk due to interaction (RERI) and the attributable proportion due to interaction (AP) were calculated. The 95% CIs of RERI and AP spanned 0; the additive interaction was considered non-significant.

P-values were two-sided with alpha set at <0.05. The statistical analysis was performed with R statistical software (version 4.1.1).




3 Results


3.1 Social-demographic characteristics of participants with and without obesity

Table 1 shows the social-demographic characteristics and birth-related information of the participants. Of the included 58,814 preschool children in our study, 5,523 (9.39%) were obese. The mean age was 4.36 (SD = 0.92) years old for preschool children, 28.58 (SD = 4.39) years old for their mothers, and 30.70 (SD = 5.01) years old for their fathers. Maternal pre-pregnancy BMI was 20.68 (SD = 2.86) kg/m2. The rates of preterm birth (PTB) and small for gestational age (SGA) were 8.73 and 10.17%, respectively. More than half of mothers (65.24%) and fathers (66.33%) had a college degree or higher, and 84.87% of the families had the income being ≥10,000 CNY per month.


TABLE 1 Baseline characteristics of the participating children with and without obesity.
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Significant differences were observed for the following characteristics between obese and non-obese preschool children: the child’s age, child’s sex, preterm birth, small for gestational age, parents’ marital state, parents’ education level, maternal pre-pregnancy BMI, household income, being a single child, ETS exposure during 0–1 years of age, prenatal exposure to cooking oil fumes, cooking fuel type, mosquito coil smoke and incense burning smoke, child’s nutritional status and physical activity frequency. More details are presented in Table 1.



3.2 Associations between prenatal ETS exposure and obesity in preschoolers

Table 2 presents the associations between prenatal ETS exposure and obesity in preschoolers. After adjusting for the potential confounding variables, compared with no prenatal ETS exposure, prenatal ETS exposure significantly increased the risk of obesity in preschoolers (AOR = 1.22, 95% CI = 1.11–1.34). Further, assessing the associations between the prenatal ETS exposure score in number, time per day and obesity in preschoolers, compared with those without the prenatal ETS exposure, participants with a low score (AOR = 1.15, 95% CI = 1.01–1.32) or a high score (AOR = 1.33, 95% CI = 1.08–1.63) on prenatal ETS exposure in number of cigarettes per day had a high risk of obesity. Similarly, participants with a low score (AOR = 1.16, 95% CI = 1.03–1.32) or a high score (AOR = 1.40, 95% CI = 1.08–1.81) of prenatal ETS exposure in average time per day also had a high risk of obesity.


TABLE 2 The associations between prenatal ETS exposure and obesity among Chinese preschool children.
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Table 3 displays the effects of different trimester of prenatal ETS exposure on obesity in preschoolers. Compared to children without ETS exposure in the whole pregnancy, only those exposed to ETS in all three trimesters of pregnancy (AOR = 1.18, 95% CI = 1.04–1.34) experienced a significantly increased the risk of obesity as preschoolers. In contrast, participants who were only exposed to prenatal ETS in the 1st trimester (AOR = 1.28, 95% CI = 0.82–2.01), in the 3rd trimester (AOR = 1.44, 95% CI = 0.76–2.74), in both 1st and 2nd trimester (AOR = 1.47, 95% CI = 0.88–2.48), or in the both 1st and 3rd trimester (AOR = 1.32, 95% CI = 0.72–2.43) had elevated odds ratios that did not exhibit a statistically significant increase in the risk of obesity due to wide confidence limits presumably due to the relatively low frequency of obesity cases.


TABLE 3 The associations between trimester-specific ETS exposure during pregnancy and obesity among Chinese preschool children.
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3.3 Associations between prenatal nutrients supplementation and obesity in preschoolers

After adjusting for the potential confounding variables, the results of logistic regressions showed that no prenatal multivitamin (AOR = 1.12, 95% CI = 1.05–1.20), folic acid (AOR = 1.23, 95% CI = 1.10–1.37) or iron (AOR = 1.11, 95% CI = 1.04–1.19) supplementation significantly increased the risk of obesity in preschoolers (see Table 4).


TABLE 4 The associations between prenatal nutrients supplementation and obesity among Chinese preschool children.
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3.4 Combination effects of prenatal ETS and nutrients supplement exposure on obesity

Table 5 shows the results of crossover analysis on combination effects of maternal prenatal exposure to ETS and nutritional supplementation on obesity in preschool children. Compared to preschool children with mothers who took nutritional supplements and had no ETS during pregnancy, participants with prenatal exposure to ETS and had mothers who did not take nutritional supplements during pregnancy had the highest risk of obesity (AOR = 1.40, 95% CI = 1.21–1.62 for ETS exposure and no multivitamin supplementation; AOR = 1.55, 95% CI = 1.12–2.14 for ETS exposure and no folic acid supplementation; and AOR = 1.38, 95% CI = 1.19–1.59 for ETS exposure and no iron supplementation). This was followed by participants with no prenatal nutritional supplementation only (AOR = 1.17, 95% CI = 1.10–1.25 for multivitamins; AOR = 1.29, 95% CI = 1.16–1.45 for folic acid; AOR = 1.15, 95% CI = 1.08–1.23 for iron), and with prenatal ETS exposure and nutritional supplementation (AOR = 1.21, 95% CI = 1.00–1.45 for ETS exposure and multivitamins supplementation; AOR = 1.19, 95% CI = 1.05–1.35 for ETS exposure and folic acid supplementation; and AOR = 1.19, 95% CI = 0.99–1.44 for ETS exposure and iron supplementation). Further interaction analysis obtained significantly additive interactions between ETS exposure and the three nutrient supplements, but no multiple interactions between them.


TABLE 5 The combination effects of prenatal ETS exposure and nutrients supplement on obesity among Chinese preschool children.
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3.5 Sensitivity analysis

We conducted sensitivity analyses after excluding participants with any prenatal exposure to cooking fuel with coal, mosquito coil smoke and incense burning smoke (n = 19,862). The results of the sensitivity analyses were similar to the aforementioned findings. More details are presented in Supplementary Tables S1–S4.




4 Discussion

To our best knowledge, this is the first study on the combination effects of maternal prenatal ETS exposure and prenatal nutrients supplementation on obesity in Chinese preschool children. Our study found that prenatal exposure to ETS during pregnancy was significantly associated with the increased risk of obesity in preschoolers. The strength of this association increased with the average time of daily exposure to ETS and the average number of lit cigarettes exposed to each day during pregnancy. We propose that the 1st trimester might be the critical period for prenatal ETS exposure increasing the risk of preschoolers’ obesity. In addition, we also found that mothers not taking multivitamin, folic acid and iron supplementation during pregnancy had children with an increased risk of obesity. Furthermore, we discovered additive interactive effects between prenatal ETS exposure and no maternal multivitamin, folic acid and iron supplementation in pregnancy on the risk of obesity in preschoolers.


4.1 Associations between prenatal ETS exposure and obesity in preschoolers

Several previous studies have indicated that maternal exposure to tobacco smoke during pregnancy increases the risk of excess weight in children. For example, the CESAR study in the UK showed a positive association between maternal smoking during pregnancy and their child being overweight, with a pooled odds ratio of 1.26 (95% CI = 1.03–1.55) (42). Similarly, a Canadian study found that children born to active smoking mothers had higher BMIs at ages 2 and 3 than children born to non-smoking mothers (43). In addition, two previous studies suggested that prenatal nicotine exposure had a positive effect on the risk of obesity (33, 44). In line with these findings, our study showed that maternal ETS exposure during the pregnancy was associated with the presence of obesity in preschool children. Interestingly, using a cross-over analysis we found that exposure to ETS during the 1st trimester (the 1st trimester only, both the 1st and 2nd trimester, both the 1st and 3rd trimester marginal significantly and the all three trimesters of pregnancy significantly) increased the risk of preschoolers’ obesity (see Table 3), which suggests that the 1st trimester might be the critical period for the detrimental effect of prenatal ETS exposure on children’s obesity (45). Similarly, several prior studies also found that mothers who smoked in the 1st trimester or throughout pregnancy had a higher risk of obesity in their children (44, 46).

Possible mechanisms for prenatal ETS exposure affecting childhood obesity are as follows. First, prenatal exposure to ETS can alter placenta weight (47), structure (48) and blood vessel function (49). The harmful effects of tobacco smoke are mainly mediated through the release of nicotine and carbon monoxide (CO) (50). Among them, nicotine and CO can all easily cross the placental barrier. Several studies have reported that exposure to nicotine in the mother’s body can result in significantly higher levels of nicotine in the fetal blood than in the maternal blood (51, 52). Nicotine can cause uterine blood vessels to constrict and placental blood vessel resistance to increase by inducing the release of catecholamines (53) and reducing the release of vasodilators such as nitric oxide (NO) (54) from the mother. In addition, CO in tobacco smoke can increase the level of carboxyhemoglobin in the umbilical cord arteries, which aggravates fetal hypoxia (54, 55). This can eventually lead to intrauterine growth restriction (IUGR) and low birth weight (LBW), which was called thrifty energy phenotype (15). According to postnatal catch-up growth theory, the mismatch between IUGR and postnatal excess nutrition may lead to rapid weight gain, which in turn leads to the occurrence of overweight and obesity in early childhood (16). Second, epigenetic changes, especially DNA methylation, are also possible mechanisms by which ETS causes childhood obesity. For example, Novakovic et al. (56) found that hypomethylation of the CpG sites of the AHRR gene in the umbilical cord blood of the offspring of smokers persisted until 18 months of age even without exposure to tobacco smoke after birth. AHRR gene serves not only to regulate fat metabolism involved in mediating xenobiotic metabolism but is also involved in cell growth and differentiation, further influencing fetal birth weight (57). Our previous study (58) also found that AHRR DNA methylation of cord and maternal blood might be associated with LBW. In addition, air pollutants can enter and cross the placenta, so they may have an impact on the health of offspring through changes in placental epigenetic patterns (59–61). Indeed, mothers who lived near major roads, an indicator of traffic-related air pollution, have shown decreased levels of placental LINE1 (62). Of course, due to the large number of chemicals contained in tobacco smoke, the further research is necessary for fully understanding the mechanisms of prenatal ETS exposure leading to offspring’s obesity in the later life.



4.2 Associations between prenatal nutrients supplement and obesity in preschoolers

Maternal nutritional supplementation during pregnancy can also affect the risk of childhood obesity. For example, a Chinese study suggested that pregnant women who take multi-micronutrient (MM) during pregnancy, including iron, folic acid (FA), multivitamin, zinc supplements, and maternal formula, have a lower risk of their offspring being obese at birth and overweight at 3 months of age (63). Similarly, a study in America showed that maternal vitamin B12 (VB12) and B6 (VB6) concentrations were associated with weight gain in offspring from birth to age 3 (64). In addition, the results of a rat experiment indicated that maternal VB12 deficiency led to high triglyceride and cholesterol levels in offspring (65). Moreover, other studies have found that maternal vitamin D (VD) deficiency can also lead to obesity and other obesity-related diseases in offspring later in life (66, 67). Our previous study found that prenatal FA supplementation (OR = 0.72, 95% CI = 0.55–0.93) was associated with a lower risk of obesity in preschoolers (17). Similarly, we also found that no maternal multivitamin, folic acid and iron supplementation during pregnancy significantly increased the risk of obesity in preschool children.

Regarding the potential mechanism, DNA methylation may play a key role in the effect of prenatal nutrients supplement on childhood obesity. In the one-carbon cycle, FA acts as a carbon carrier and VB12 as a co-factor of methionine synthase. Both FA and VB12 are important regulators of DNA methylation and play an important role in early life development (68). There is growing evidence that FA and VB12 changes the methylation status of genes associated with offspring growth (IGF2), metabolism (RXRA), and appetite control (LEP) through consumption of methyl donors, ultimately affecting offspring health (69, 70). For example, LEP produces the hormone leptin, which is involved in regulating energy metabolism, making the children eat less, increasing energy release, and inhibiting fat cell synthesis to lose weight (70). LEP gene promoter sequence in the cord blood of obese children showed a hypomethylated state (71). At the same time, iron also plays an important role in FA metabolism and one-carbon cycle. When the mothers took FA and iron together during the pregnancy, iron can affect the transcription of FA transporters (72) and regulate the metabolism of one-carbon (73). The mechanism of VD deficiency leading to childhood obesity includes affecting the process of fat formation in offspring, the secretion of adipocytokines, inflammatory response, oxidative stress, etc. (67, 74). An experimental study on rats (75) had found that maternal VD deficiency during pregnancy would promote the proliferation and differentiation of adipocytes in male offspring, and eventually appear obese phenotypes, including an increase in body weight and fat mass. The emergence of this phenotype was likely related to changes in promoter and CpG island methylation levels of several genes, such as the hypermethylation of Vldlr gene and the demethylation of Hif1α gene.



4.3 Combination effects of prenatal ETS exposure and maternal nutrients supplement during pregnancy on childhood obesity

In the present study, we explored the combination effects of prenatal ETS exposure and maternal nutritional supplementation during pregnancy exposure on childhood obesity. We found that maternal nutritional supplementation in pregnancy might reduce the risk of preschoolers’ obesity associated with prenatal ETS exposure. In line with our findings, Wang et al. reported that prenatal mercury exposure was associated with a higher risk of childhood obesity, and adequate intake of FA could reduce this risk (76). Moreover, the cross-over analysis in our study discovered the additive interaction between prenatal ETS exposure and no maternal nutrients supplement during pregnancy on the risk of childhood obesity (see Table 5). These findings suggest that prenatal exposure to ETS and nutritional supplements during pregnancy may have a combined effect on childhood obesity.

Maternal exposure to tobacco smoke during pregnancy had been associated with decreased levels of micronutrients (77, 78), particularly those that play a role in the production of methyl donors. A study in the United States (79) found reductions in one-carbon pathway micronutrients with gestational tobacco smoke exposure, including maternal FA, VB6 and VB12. We propose the possible following mechanism for the combination effects between prenatal ETS exposure and maternal nutritional supplementation in pregnancy on offspring’s obesity in childhood. In general, higher air pollution exposure was associated with lower methylation of specific CpG sites in GC (61, 80, 81). However, as mentioned earlier, FA as a methyl donor, co-participates in the one-carbon cycle with the assistance of multivitamin (VB6 and VB12) and iron, and several prior studies (82, 83) found that higher FA intake was often associated with increased levels of methylation. It has been suggested that several components in tobacco smoke, such as organic nitrite, nitrous oxide, cyanate and isocyanate, increase oxidative stress and interact with FA and VB12, causing the inactivation of these micronutrients (84). FA and VB12 deficiencies also reduce DNA methylation via homocysteine increase, ultimately aggravating the effect of air pollution on DNA methylation (81). This was also verified in a study, which showed that maternal exposure to tobacco smoke during pregnancy was significantly associated with lower FA levels, lower VB6 and VB12 levels, and increased homocysteine levels (79, 84). Therefore, it may be reasonable to assume that the methylation process, caused by FA supplementation, may counteract the hypomethylation caused by tobacco smoke. In addition, FA could also improve the placental function through anti-inflammatory effects and reduce the risk of IUGR and LBW (85). However, due to the lack of targeted experimental studies, more research is needed to explore the combined mechanisms of ETS and nutrients supplement exposure during pregnancy leading to childhood obesity in the future.



4.4 Limitation

The findings of this study need to be interpreted in consideration of the following limitations. First, all participants were recruited from Longhua District of Shenzhen city, which might cause selection bias and limit the generalizability of our findings due to variations in prenatal ETS exposure and nutritional supplementation practices across other areas. Second, the data on ETS exposure in the three trimesters of pregnancy was subjectively recalled by the mother, which might result in memory recall bias and social desirability bias. Third, considering the low rate of active smoking among women of reproductive age in China (86), data on active smoking was not collected. Fourth, unfortunately we did not collect any detailed information about the dose and frequency of maternal nutritional supplementation, or information on the specific vitamins that comprised the multivitamin used by the mothers during pregnancy. This might limit our ability to assess the associations between mothers consuming nutritional supplements during pregnancy and obesity in preschoolers. Fifth, although a range of covariates were included, there were still unmeasured potential confounding variables such as paternal obesity, parental and children diet, household ventilation conditions and ETS exposure in public places during pregnancy which might influence the findings. Sixth, cross-sectional studies limit any conclusions on the causal relationship for the combination effects of maternal prenatal ETS exposure and nutritional supplementation on obesity in preschool children, so the prospective birth cohort studies are needed to determine their causal relationship.




5 Conclusions

In conclusion, our study found that maternal prenatal ETS exposure can increased the risk of childhood obesity, while maternal nutritional supplementation during pregnancy can reduce the risk of obesity. Moreover, the combination of prenatal ETS exposure and a lack of maternal nutritional supplementation during pregnancy may jointly affect childhood obesity. These findings support the need for public health interventions to reduce maternal prenatal exposure to ETS and encourage appropriate consumption of multivitamins, folic acid and iron supplements by mothers during pregnancy.
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Background: Growing evidence indicates an association between ambient air pollution and decreased human reproductive potential. This study aims to systematically review the association between air pollutants and female ovarian reserve.
Methods: The literature was searched in six electronic databases through June 2024. Screening the 136 articles retrieved for inclusion criteria resulted in the selection of 15 human observational studies that evaluated the effect of environmental pollutants on ovarian reserve markers. The study protocol was registered on the International Prospective Register of Systematic Reviews (PROSPERO, registration code: CRD42023474218).
Results: The study design of the selected studies was found to be cross-sectional (2 of 15), retrospective cohort (10 of 15), prospective cohort (2 of 15), and case–control (1 of 15). The study population was distributed as follows: Asians (53%, eight studies), Americans (33%, five studies), and Europeans (14%, two studies). The main findings showed a higher body of evidence for the environmental pollutants PM2.5, PM10, and NO2, while a low body of evidence for PM1, O3, SO2, and a very low body of evidence for benzene, formaldehyde, and benzo(a)pyrene, yet consistently showing significant inverse association data. The overall methodological quality of the selected studies was rated moderated across the 14 domains of the National Institutes of Health (NIH) toolkit.
Conclusion: The data suggest that increased exposure to air pollutants seems to be associated with reduced ovarian reserve, with the most substantial evidence for pollutants such as PM2.5, PM10, and NO2. However, more evidence is needed to draw conclusions about causality.
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Introduction

Public health data on air pollution from the global burden of disease (GBD) estimates 213 million disability-adjusted life years (DALYs)—equal to 0.84% of the global DALY—6.67 million deaths in 2019 (1). Much of the scientific community has supported the association between air pollution and the risk of cardiovascular (2–4), respiratory (5, 6), endocrine (7), reproductive (8), and all-cause mortality to date (9, 10). Until now, there is substantial consistency around biological mechanisms involving inflammation, oxidative stress, endocrine disruption, and epigenetic changes.

Some early studies pointed to air pollution exposure being associated with reduced fertility and a range of adverse pregnancy outcomes, such as miscarriage, preterm delivery, and stillbirth, regardless of having natural pregnancies or undergoing assisted reproductive technologies (2, 11–14). The underlying mechanism of female fertility decline due to air pollutants remains unclear. At the same time, limited evidence speculates that impaired ovarian reserve caused by oxidative stress and inflammatory response caused by air pollution May be a critical path.

The number and quality of the ovarian follicle pool are commonly referred to as ovarian reserve, which indicates a woman’s reproductive potential or fertility (15). After puberty, follicle development begins under gonadotropin stimulation (16), and the entire development process mainly includes the development of a small number of primordial follicles to the antral stage and the selection of an antral follicle for growth to the preovulatory stage during each menstrual cycle (16).

In clinical settings, a common practice is to use hormonal and ultrasound markers as proxies of ovarian reserve (17, 18). In this context, ultrasound antral follicle count (AFC), serum levels of follicle-stimulating hormone (FSH), anti-Müllerian hormone (AMH), inhibin B, and E2 have been proposed as potential markers of fertility, among which AMH is considered the most sensitive and specific available marker (19, 20). Indeed, AFC results tend to have operator skill-dependent variability, whereas serum AMH is the best predictor of ovarian reserve for its high representativeness of small AFC (19, 20). Also, previous studies found that AMH levels remain stable during the menstrual cycle and can be detected on any day of the period (21).

Animal studies have documented that exposure to particulate matter 2.5 (PM2.5) is associated with decreased levels of reproductive hormones and the number of antral and primordial ovarian follicles in mice. Gai and colleagues showed that PM2.5 reduced AMH levels and increased interleukin 6 (IL-6) and tumor necrosis factor-alpha (TNF-α) levels in mouse ovarian tissue (22). A significant reduction in the proportion of primordial follicles was observed by Ogliari and colleagues in mice exposed to diesel exhaust with doses equal to the average daily levels of PM2.5 (fine particles in ambient air 2.5 μm or less in size) reported by the World Health Organization (23).

However, till today, the body of evidence on the association between exposure to air pollutants and markers of ovarian reserve in women lacks a synthesis of evidence. Therefore, to fill this gap, this study aimed to systematically investigate the association between major environmental air pollutants and female fertility in childbearing females.



Methods


Search strategy, study selection, and data extraction

A computer search of the literature on databases, namely, MEDLINE and the Cochrane Library, identified no previous systematic reviews on exposure to environmental pollutants and ovarian reserve in women. The present systematic review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, adhering to the PRISMA 27-item checklist (Page et al., 2021). An a priori protocol for search strategy and inclusion criteria was established and registered, with no particular changes to the information provided at the time of registration on the International Prospective Register of Systematic Reviews (PROSPERO), an international prospective registry of systematic reviews (CRD42023474218). We performed separate searches in the US National Library of Medicine (PubMed), Medical Literature Analysis and Retrieval System Online (MEDLINE), EMBASE, Scopus, Ovid, and Google Scholar to find human observational studies that evaluated the effect of major environmental pollutants [PM1, PM2.5, PM10, NO2, O3, SO2, CO, polycyclic aromatic hydrocarbons (PAHs), black carbon, 1,3-butadiene, benzene, diesel PM, formaldehyde, methylene chloride, and tetrachloroethylene] on female fertility expressed by recognized markers such as AMH, poor ovarian reserve (POR), and antral follicle count (AFC). Therefore, the primary objective was to assess the amount, consistency, and direction of the association between any of these pollutants and markers of ovarian reserve. We also considered the gray literature using the vast archive of preprints1 the study selection phase and the database2 to access abstracts of significant conferences and other unreviewed material.

The following criteria were applied to include various studies in the analysis: (1) human observational study; (2) reporting of the effect of environmental pollutants on women’s fertility as expressed by recognized ovarian reserve markers; and (3) studies that involved women of childbearing age. Animal studies, conference abstracts, reviews, letters, editorials, nonclinical trial studies, and studies involving children and/or adolescents were excluded.

The search strategy used in PubMed and MEDLINE and adapted to the other four electronic sources included keywords such as antral follicle count, ovarian reserve, PM, black carbon, and air pollutant(s) combined through the use of Boolean indicators such as AND and OR (Table 1). The search strategy used the Boolean indicator NOT to exclude opinion articles, letters, reviews, and meta-analyses. The literature search had no time restrictions, and articles were retrieved until June 2024. Two researchers (RZ and FC) searched the articles—separately and in duplicate—reviewed the titles and abstracts of the retrieved articles, checked the full texts, and selected the articles for inclusion in the study. Interrater reliability (IRR) was used to estimate intercoder agreement and then κ statistic to measure accuracy and precision. According to PRISMA concepts and quality assessment steps, a κ coefficient of at least 0.9 was obtained in all data extraction steps (24).



TABLE 1 Search strategy used in the US national library of medicine (PubMed) and medical literature analysis and retrieval system online (MEDLINE) and adapted to the other sources, according to selected descriptors.
[image: A table outlining search strategies and descriptors for a research study. It includes six rows defining various elements: population, intervention/exposure, comparator, outcomes, exclusion keywords, and search strategy. Each element lists specific keywords or phrases used in the search. The search strategy is a combination of these elements, filtered by date and with no time restriction specified.]



Quality assessment within and across studies and overall quality assessment

The methodological quality of the included studies was independently assessed by two researchers (RZ and FC) using the National Institutes of Health Quality Assessment Toolkits for Observational Cohort and Cross-Sectional Studies (25, 26). According to the criteria given in the toolkit, the ratings—high (good), fair (moderate), or poor—were assigned to the studies. This toolkit contains 14 questions assessing several aspects associated with the risk of bias, types I and II errors, transparency, and confounding factors: study question, population, participation rate, inclusion criteria, sample size justification, time of exposure/outcome measurement, timing, exposure levels, defined exposure, blinded assessors, repeated exposure, defined outcomes, loss to follow-up, and confounding factors. Items 6, 7, and 13 did not refer to cross-sectional studies; the maximum possible scores for cross-sectional and prospective studies were 8 and 14, respectively. Disagreements on the methodological quality of the included studies (e.g., interpretation of toolkit domains, appropriateness, and response type) between the two investigators were resolved through discussion until a consensus was reached with a third investigator (RS). A modified version of the grading system, namely, Grading of Recommendations Assessment, Development, and Evaluation (GRADE) (27) was used to assess the quality of evidence of the studies included in this systematic review. The following factors were considered: strength of association between air pollutants exposure and related female fertility, methodological quality/study design, consistency, bias, precision, size, and (where possible) dose–response gradient of effect estimates in the evidence base. Evidence was graded as very low, low, moderate, and high, as in the GRADE grading system.




Results

The first systematic search of the literature yielded 321 entries. After excluding the duplicates, 136 were classified as potentially relevant and selected for the title and abstract analysis. Then, 99 were excluded for not meeting the characteristics of the approach or the review goal. After reviewing the full text of the remaining records, only 15 met the inclusion criteria and were included in the systematic review (28–42). The PRISMA flowchart illustrating the number of studies at each stage of the review is shown in Figure 1. The final study base included 15 observational studies reporting on the effect of environmental pollutants on markers of ovarian reserve in childbearing females.

[image: Flowchart illustrating the identification and screening of studies. Initially, 231 records were identified from databases. Before screening, 85 duplicates, 2 marked by automation tools, and 8 removed for other reasons were excluded. After screening 136 records, 99 were excluded. From the 37 reports assessed for eligibility, 3 were not retrieved, and 22 were excluded. Ultimately, 15 studies were included in the review.]

FIGURE 1
 The Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) flow chart illustrating the number of studies at each stage of the review.


The details of the study design, sample size (N), country, author(s) and year of publication, exclusion criteria, population age, exposure pollutant(s), outcome(s) of ovarian reserve, significant findings, and covariates considered for adjust models are provided in Table 2.



TABLE 2 Description of selected studies exploring the association between air pollutants and markers of ovarian reserve in childbearing women, N = 12.
[image: A detailed table lists five columns: Author and Year, Study Design, Number of Participants, Exclusion Criteria, Age, Exposure, Outcome, Main Findings, and Covariates. Each row summarizes research studies with retrospective or prospective designs from various countries. Studies involve exposure to different pollutants and health outcomes such as AMH and AFC levels, often related to female reproductive health factors and covariates like age, BMI, and smoking status. The table outlines specific findings on environmental exposures and their associations with AMH and AFC.]

The study design of selected studies was found to be cross-sectional (2 of 15), retrospective cohort (10 of 15) (28–32, 34, 36, 38, 40–42), prospective cohort (2 of 15) (33, 39), and case–control (1 of 15) (37). The study population was distributed as follows: Asians (53%, eight studies), Americans (33%, five studies), and Europeans (14%, two studies).

Data extraction from the selected studies resulted in a total of 14 entries of environmental pollutants (PM, PM2.5, PM10, NO2, O3, CO, SO2, 1,3-butadiene, benzene, diesel PM, formaldehyde, methylene chloride, tetrachloroethylene, and benzo(a)pyrene). A majority of 65% of those resulting air pollutants, that is, PM1, PM2.5, PM10, NO2, O3, benzene, formaldehyde, SO2, and benzo(a)pyrene reported on a meaningful association with marker(s) of ovarian reserve. Indeed, no significant association resulted in CO, 1,3-butadiene, diesel PM, methylene chloride, and tetrachloroethylene about ovarian reserve. For ovarian reserve markers, the majority of the selected studies considered AMH (62%) as an outcome, followed by AFC (31%), and POR (7%).

Table 3 summarizes findings on different environmental pollutants associated with female ovarian reserve items. To focus on the evidence surrounding each environmental pollutant about ovarian reserve, the available retrieved literature will be elucidated as follows.



TABLE 3 Summary of findings on different environmental pollutants associated with ovarian reserve markers in childbearing females.
[image: A table presents exposure data and its association with AMH levels. Columns list Exposure type, Number of evidence-based studies, Strength of association, and Strength of evidence (GRADE). PM1, PM2.5, PM10, Benzene, Formaldehyde, O₃, SO₂, NO₂, and BaP are examined, showing varying strengths of association and evidence. For PM1, two studies indicate a significant association with low evidence. PM2.5 has ten studies showing moderate association and evidence. PM10, with five studies, shows moderate association and evidence. Benzene and Formaldehyde, supported by one study each, have very low evidence. The table details statistical models and outcomes for each exposure.]


PM2.5 and ovarian reserve

For the pollutant PM2.5, 10 studies (28, 30, 32, 33, 35, 36, 38, 39, 41, 42) were retrieved, providing moderate strength of evidence. Six of these studies considered AMH as an outcome: Pang and colleagues (28) indicated that for every increase of 10 μg/m3 in ambient PM2.5, AMH changed by −2.1% (95% confidence interval [CI]: from −3.5 to −0.6); Kim and colleagues (32) indicated that an increase in the interquartile range (IQR) in mean PM2.5 at 1 and 12 months was associated with a 3% (95% CI: from −0.07 to 0.00) and 10% (95% CI: from −0.18 to −0.01) (28, 30, 32, 33, 35, 36, 38, 39); Abareshi and colleagues (35) showed that each increase of an IQR of ambient PM2.5 was associated with a decrease in serum AMH level of −1.11 (95% CI: from −1.67 to −0.55); La Marca and colleagues (36) showed AMH levels weakly inversely correlated with PM2.5 (ρ = −0.062, p = 0.021) in the adjusted models; Wieczorek and colleagues (42) found a negative association between PM2.5 exposure and AMH and AFC levels; and finally, Liu and colleagues (41) demonstrated a significant drop in AMH levels and increased risk of low AMH associated with PM2.5 exposure during the secondary and antral phases and 1 year before the measurement, even below the current Chinese air quality standard on PM2.5 concentrations (75 μg/m3). The other four studies considered AFC or decreased/poor ovarian reserve (DOR/POR) as an outcome: Wu and colleagues (30) used logistic regression models to assess the association between quartiles of PM2.5 exposure and POR risk finding that women in the highest quartile of PM2.5 exposure during 6 months (OR: 1.44, 95% CI: 1.06–1.96) and 12 months (OR: 1.54, 95% CI: 1.10–2.14) before oocytes retrieval had a higher risk of POR than those in the lowest quartile; Hood and colleagues (33) demonstrated a 2 μg/m3 increase in mean PM2.5 exposure to be associated with an AFC reduction of −6.2% per 2 μg/m3 (1 standard deviation (SD) increase; 95% CI: from −11.8 to −0.3) in multivariable adjusted models; Quraishi and colleagues (38) showed that women with DOR had high levels of PM2.5 exposure (p = 0.003) compared with those without DOR and with low exposure; finally, Gaskins and colleagues (39) showed that each 2 μg/m increase in estimated PM2.5 exposure was associated with a reduction of −7.2% (95% CI: = from −10.4 to −3.8%) lower AFC count.



PM10 and ovarian reserve

For the pollutant PM10, a total of five studies were retrieved (28, 30, 32, 36, 38), providing moderate strength of evidence. Three of these studies considered AMH as an outcome: Kim and colleagues (32) found an inverse PM10–AMH association by multivariable linear mixed-effects adjusted model. For each 10 μg/m3 increase in PM10, AMH varied by −1.9% significantly (95% CI: from −3.3 to −0.5%); Pang and colleagues (28) developed multivariable models showing an increase in the IQR of mean PM10 at 1 month was associated with a decrease (β-coefficient = −0.06, 95% CI: from −0.11 to 0.00) of AMH ratio; Quraishi and colleagues (38) found AMH levels inversely correlated with PM10 (ρ = −0.088, p = 0.001), and the findings were significant for women with a reduced ovarian reserve in adjusted models. The other two studies considered POR and DOR as an outcome: La Marca and colleagues (36) used logistic regression models to assess the association between PM10 exposure quartiles and the risk of POR. Women in the third quartile of PM10 exposure for 3 months (OR: 0.82, 95% CI: 0.70–0.97) and 6 months (OR: 0.78, 95% CI: 0.66–0.91) before oocytes retrieval had a higher risk of POR than those in the lowest quartile; Wu and colleagues (30) showed that women with decreased ovarian reserve (DOR) had high levels of PM10 exposure (p = 0.01) compared with those without DOR and with low exposure.



NO2 and ovarian reserve

For the pollutant NO2, a total of five studies were retrieved (28, 31, 34, 36, 38), providing moderate strength of evidence. Three of these studies considered AMH as an outcome: Feng and colleagues (34) reported a significant inverse NO2−AMH association by a multivariable linear mixed-effect adjusted model. Here, for each 10 μg/m3 increase in NO2, AMH changed by −4.5% (95% CI: from −7.1 to −1.9) significantly; Gregoire and colleagues (31) performed a multivariable-adjusted linear regression to estimate the percent change in AMH in relation to residential ambient NO2 (exposure quartile) and found that women in the highest quartile of NO2 exposure had higher estimated AMH concentrations (Q4 vs. Q1, 42.9%; 95% CI: from −3.4 to 111.4) than the lowest quartile; however, the data lacked statistical significance; Pang and colleagues (28) demonstrated that in the adjusted models, AMH levels were inversely, statistically related to NO2 (ρ = −0.111, p < 0.001). The other two studies considered AFC and DOR as an outcome: La Marca and colleagues (36) performed adjusted linear models observing negative, statistically significant associations between AFC and quartiles of NO2 levels: Q2 (−0.138 change, 95% CI: from −0.198 to −0.078), Q3 (−0.058 change, 95% CI: from −0.170 to 0) and Q4 (−0.068 change, 95% CI: from −0.127 to −0.009) compared with Q1; Quraishi and colleagues (38) showed that women with DOR had high levels of NO2 exposure (p < 0.001) compared with those without DOR and with low exposure, and the difference was statistically significant.



PM1 and ovarian reserve

For the pollutant PM1, only two studies were retrieved (28, 35), providing an overall low strength of evidence. Abareshi and colleagues (35) studied the PM1 − AMH association by multivariable linear mixed-effects adjusted model, finding that for each 10 μg/m3 increase in PM1, AMH varied significantly by −8.8% (95% CI: from −12.1 to −5.3%). Pang and colleagues (28) implemented fully adjusted regression models, finding that each IQR increase in ambient PM1 was associated with a − 0.89 (95% CI: from −1.43 to −0.35, p ≤ 0.01) decrease in serum AMH level.



SO2 and ovarian reserve

For the pollutant SO2, only three studies were retrieved (30, 34), providing an overall low strength of evidence. Feng and colleagues (34) employed logistic regression models to assess the association between quartiles of SO2 exposure and the risk of POR, finding that women in the third quartile of SO2 exposure during 6 months (OR: 2.10, 95% CI: 1.67–2.64) and 12 months (OR: 2.53, 95% CI: from 2.01 to 3.19) before oocytes retrieval had a higher risk of POR than those in the lowest quartile. Wieczorek and colleagues (42), in adjusted multivariate models, found SO2 concentrations significantly decreased AFC (p = 0.038). Wu and colleagues (2) employed adjusted linear models showing a 10 μg/m3 increase in SO2 concentration level during the entire antral follicle development phase to be statistically associated with a − 0.01 change in AFC (95% CI: form −0.016 to −0.002).



O3 and ovarian reserve

For the pollutant O3, only three studies were retrieved (28, 30), providing an overall low strength of evidence. Pang and colleagues (28) studied the O3−AMH association by multivariable linear mixed-effect adjusted model, finding that for each 10 μg/m3 increase in O3, AMH varied significantly by −4.5 (95% CI, from −7.1 to −1.9). In adjusted linear models, Liu and colleagues (40) showed that each 10 μg/m3 increase in ozone was associated with a decrease in AMH levels of 2.34% (0.68, 3.97%), 2.08% (0.10, 4.01%), 4.20% (1.67, 6.67%), and 8.91% (5.79, 11.93%) during W1–W4. Wu and colleagues (2) showed that women in the third quartile of O3 exposure during 3 months (OR: 1.19, 95% CI: 1.00–1.42) and 12 months (OR: 1.28, 95% CI: 1.08–1.53) before oocytes retrieval had a higher risk of POR than those in the lowest quartile.



Benzene and ovarian reserve

For the pollutant benzene, only one report was retrieved (29), providing an overall very low strength of evidence. Li and colleagues studied the benzene–AMH association using adjusted linear models, finding a negative, significant association of AMH with benzene [percent reduction in AMH per increase in interquartile range (IQR) = 5.5, 95% CI: 1.0–9.8].



Formaldehyde and ovarian reserve

For the pollutant formaldehyde, only one report was retrieved (29), providing an overall very low strength of evidence. Li and colleagues studied the formaldehyde–AMH association using adjusted linear models and found a negative and statistically significant association of AMH with formaldehyde (percent reduction in AMH per increase in the IQR = 6.1, 95% CI = 1.6–10).



Benzo(a)pyrene and ovarian reserve

For the pollutant benzo(a)pyrene (BaP), only one report was retrieved (37), providing an overall very low strength of evidence. Ye and colleagues ran adjusted logistic regression models, finding each one-unit increase in log-transformed BaP concentration to be significantly related to a 2.191-fold increased risk of premature ovarian failure (POF; OR: 2.191, 95% CI: 1.6–2.9, p < 0.05).



Quality assessment and risk of bias

The methodological quality of the included studies was independently assessed by two researchers (RZ and FC) using the National Institutes of Health Quality Assessment Toolkits for Observational Cohort and Cross-Sectional Studies (25, 26) (Figures 2, 3). The overall methodological quality of the selected studies was rated moderate across the 14 toolkit domains. In particular, the risk was rated low for domains such as study question, population, exposure measures, outcome measures, sample size, and confounding factors across studies. Some concerns arose in some studies for domains such as inclusion criteria, participation rate, and multiple exposure. In contrast, a medium to high risk of bias was found for the domain participation rate, blinding of the outcome, and loss to follow-up across selected studies.

[image: Bar chart displaying various domains related to study biases with percentages categorized as unclear (yellow), low (green), and high (red) risk. Domains include confounding, loss to follow-up, blinding of outcome, and others. Most domains show a high percentage of low risk, with some domains having varied levels of unclear and high risk.]

FIGURE 2
 Quality assessment plot across domains.


[image: A table assessing several studies from 2019 to 2024 across different criteria: study question, population, participation rate, inclusion criteria, sample size, exposure prior to outcome, sufficient time frame, different levels of exposure, exposure measures, multiple exposure, outcome measures, blinding of outcome, loss to follow up, and confounding. Criteria are marked with green check marks for positive assessment, yellow caution triangles, or red Xs for negative assessment, indicating varying levels of compliance or quality in each study's methodology.]

FIGURE 3
 Risk of bias assessment across selected studies.





Discussion

This review aimed to systematically explore the association between major environmental pollutants and markers of ovarian reserve as proxies of female fertility. After retrieving 15 original reports from the literature screening process, we found a cluster of exposure items reporting on PM1, PM2.5, PM10, NO2, O3, SO2, CO, PAHs, 1,3-butadiene, benzene, diesel PM, formaldehyde, methylene chloride, and tetrachloroethylene as environmental pollutants in relation to ovarian reserve markers as AMH, AFC, and indices of poor or reduced ovarian reserve. The main findings showed a higher body of evidence for the environmental pollutants PM2.5, PM10, and NO2, while a low body of evidence for PM1, O3, SO3, and a very low body of evidence for benzene, formaldehyde, and benzo(a)pyrene, yet consistently showing significant inverse association data.

Although the mechanisms underlying the adverse health effects of exposure to air pollution have not yet been established, inflammation and oxidative stress have been suggested to be the key pathways. Indeed, folliculogenesis has been described to be impaired by increased oxidative stress and cell apoptosis induced by ambient polluted air (43).

For the inflammatory pathway, it has been reported that PM2.5 exposure can support the enhancement of inflammatory fluid markers, as indicated by changes in IL-6 and TNF-levels (44), as well as morphological changes in ovarian tissue, such as mitochondrial structural changes, vascular congestion, and hemorrhage, triggered by the inflammation itself (39). Therefore, this response might result in ovarian damage and reduced fertility. Along these lines, findings on animal models showed that IL-6 and TNF-α concentrations and the number of apoptotic cells were increased in ovarian tissue and histological structures of the ovary showing signs of hemorrhage and vascular congestion in mice exposed to PM2.5 compared with the control group (22).

For oxidative stress, reactive oxygen species (ROS) and mitochondrial DNA (mtDNA) have been shown to impact cellular aging in the human body, including in the female reproductive tract (45). Some studies have suggested that an excess of ROS May hurt ovarian aging. ROS are highly reactive oxygen-containing compounds, such as superoxide anions, hydrogen peroxide, and hydroxyl radicals. ROS are formed endogenously by oxygen metabolism during cellular processes. Usually, cells can eliminate excess ROS; however, when produced in excess, these compounds cause oxidative stress and cellular damage. High concentrations of ROS in cells lead to mitochondrial and nuclear DNA damage and apoptosis. These types of damage have been shown to affect ovarian follicle development and ovulation negatively.

Further explaining the findings, three other paths have been described by the scientific community so far, which include vitamin D3 metabolism, vitamin A metabolism, and bile acid biosynthesis. Indeed, vitamins D and A have long been implicated in human reproduction. Vitamin D signaling is directly involved in the expression of AMH, which is produced by ovarian granulosa cells and is known for its role in regulating follicular recruitment and selection. Therefore, vitamin D deficiency in females May contribute to impaired ovarian physiology through altered AMH signaling (46). Given that enzymes known to be involved in retinoid synthesis are found in the ovary, it is plausible that vitamin A deficiency May lead to deterioration in oocyte quality. Emerging evidence also suggests that air pollution May directly (through reduced ultraviolet B [UVB] exposure) and indirectly (through reduced time spent outdoors) decrease skin production of vitamin D3 (47) and reduce levels of the vitamin A precursor, β-carotene (a potent antioxidant), in the body (48).

Last, as little evidence has linked exposure to PAHs to ovarian reserve, it is useful to point out that PAHs are ubiquitous environmental pollutants worldwide and generated mainly during incomplete combustion of organic materials, including anthropogenic combustion sources (vehicle emissions, cigarette smoke, waste incineration, and so on) and natural combustion sources (volcanic activities, forest fires, etc.) (49, 50). Inhalation, ingestion, and skin contact are the main routes of exposure to PAHs. BaP, as the most carcinogenic PAH congener, has been described to retard follicular development in the ovary and decrease follicle viability, probably through activation of Aryl hydrocarbon Receptor (AhR) signaling (51). Here, reports on animal models also found that exposure to traffic-related air pollution correlated with a reduction in the number of antral follicles (23, 52, 53), yet further human research is needed to fill the gap.


Limitations

First, the ascertainment of exposure was heterogeneous among the studies. Most studies assessed air quality using a specific air monitoring station, while others estimated exposure based on proximity to the potential source. In addition, the reference levels of each pollutant could vary between studies. These factors, together with the small number of articles found, make a quantitative approach to this problem difficult.




Conclusion

Increased exposure to air pollutants might be associated with reduced female ovarian reserve, and while the evidence is more substantial for pollutants such as PM2.5, PM10, and NO2, more evidence is needed to allow conclusions about causality to be drawn. In light of these findings, global action is required for all significant modern pollutants. Global efforts May act synergistically with other international environmental policy programs to avoid any of the risks associated with this topic, such as birth rate cuts or the use of assisted reproductive technologies. A rapid and large-scale transition from all fossil fuels to clean, renewable energy is a win-win strategy to prevent pollution while mitigating climate change, thereby achieving a double benefit for the planet’s health.
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Background: The perinatal period is a time of increased vulnerability regarding maternal mental health status. Although guidelines and policies have been published for perinatal mental health disorders (PMHDs) screening in China, the knowledge, attitudes, and support needs of nurses and midwives toward implementing mental health screening programs during pregnancy remain unclear. Thus, this study aimed to investigate the knowledge of PMHDs, attitudes and support needs related to implementing mental health screening during pregnancy among obstetrics and gynecology (OB/GYN) nurses and midwives in the central region of China while identifying the related influencing factors.
Methods: A cross-sectional survey was conducted in 14 cities in Hubei, China, using convenience sampling from July to October 2023. The Chinese version of the Perinatal Mental Health Knowledge Questionnaire, the Chinese version of the Perinatal Mental Health Attitudes Scale, and the Health Care Facilities Support Needs Scale were used to investigate the PMHDs knowledge, attitudes, and support needs of OB/GYN nurses and midwives, respectively. Data were analyzed using SPSS version 27.0. Descriptive and inferential statistics were performed, with a p-value of <0.05 considered statistically significant.
Results: The average scores for knowledge, attitudes, and support needs were 6.09 ± 1.99 (total score: 13), 47.67 ± 8.80 (total score: 80), and 29.35 ± 4.66 (total score: 35), respectively. After adjusting for years of nursing experience and years of obstetrics and gynecology nursing experience, the multivariate logistic regression analysis indicated that having mental health-related education or work experience [adjusted OR (aOR) = 1.43, p = 0.01], being midwives (aOR = 1.78, p < 0.001), and working in specialist maternity hospitals (aOR = 1.55, p < 0.001) were significantly associated with higher knowledge scores; having mental health related education or work experience (aOR = 1.59, p = 0.014) and working in specialist maternity hospitals (aOR = 1.42, p < 0.01) were significantly associated with higher support needs scores.
Conclusion: OB/GYN nurses and midwives demonstrated insufficient knowledge and moderate attitudes toward PMHDs screening, and have great support need for PMHDs screening. To address these issues, medical organizations and relevant government sectors should enhance training for nurses and midwives on PMHDs and provide professional support to promote routine maternal mental health screening programs and improve perinatal mental health outcomes.
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Introduction

Maternal mental health is a key aspect of women’s overall well-being. The WHO defines maternal mental health as “a state of wellbeing where a mother can cope with life” stresses, work productively, and contribute to her community (1). Life-altering moments such as pregnancy, childbirth, and early parenthood can be stressful for women (2, 3). The perinatal period, encompassing pregnancy and the first year postpartum, particularly heightens maternal mental health vulnerability due to increased external attention, hormonal fluctuations, and changes in body image (4). Globally, almost 1 in 5 women will experience a mental health condition during pregnancy or in the year after birth (5–8). Recent meta-analyses found the prevalence of perinatal depression in mainland China to be 16.3%, with 19.7% for antenatal and 14.8% for postnatal depression (9). A survey in Wuhan, Hubei Province, found depression prevalence among pregnant women to be 30.77% at 3 months, 30.91% at 6 months, and 28.88% at 12 months postpartum (10), which was high.

Among women with perinatal mental health conditions, 20% will experience suicidal thoughts or engage in self-harm, about 20% of women may have suicidal thoughts or self-harm (11). Neglecting women’s mental health affects both their well-being and infants’ development (2). The adverse effects of poor perinatal mental health disorders (PMHDs) on the fetus may continue into childhood, increasing the risk of cognitive, motor, and emotional problems (12). Early identification and intervention of PMHDs can mitigate the risks to both mothers and babies (13).

The UK’s National Institute for Health and Clinical Excellence and the American Psychiatry Association recommend screening all women for anxiety and depression during pregnancy (14, 15). PMHDs screening has implemented in developed countries like the UK, US, and Australia (16–18). However, data showed that under 20% of women are assessed for mental health concerns during this period. Of less than 20% who screened positive for depression, only half received follow-up care, which reflects that healthcare providers may not be engaged in the important task of formally screening their pregnant and postpartum patients for mental health risks or providing referrals for mental health treatment (16).

Currently, there is no unified standard for who should conduct psychological screening for pregnant women. In Western public health systems, midwives play a key role in maternal mental health, leading to relevant studies (19). For example, Hauck et al. (20) and Noonan et al. (21) surveyed midwives’ knowledge, attitudes, and needs regarding PMHDs in Australia and Ireland, respectively. In China, obstetrics and gynecology (OB/GYN) nurses and midwives typically assume different but complementary roles in PMHDs management (22). Nurses need to assess the mental health of pregnant and postpartum women, provide support, educate about PMHDs, and assist in treatment while midwives focus primarily on women’s physiological health and childbirth management while monitor their emotional changes and guide them to seek professional mental health help when needed. Failing to understand their knowledge and needs may lead to delayed PMHD identification and treatment. The knowledge, attitudes, and practice model suggest that knowledge and attitudes influence behavior (23). In practice, knowledge and attitudes affect OB/GYN nurses’ and midwives’ involvement in perinatal mental health screening. Therefore, Understanding OB/GYN nurses’ and midwives’ knowledge, attitudes, and needs is crucial for effective intervention and screening programs.

In 2020, China’s National Health Commission recommended integrating depression screening into routine pregnancy and postnatal visits (24). However, implementation of these guidelines at the grassroots level remains limited. Currently, only Xiao et al. conducted a cross-sectional survey and qualitative interviews among obstetric medical staff in Shenzhen in 2018 (25) and 2019 (26), with 465 and 13 participants, respectively. Notably, Shenzhen is located in southern China and had a population of 17.63 million at the end of 2021 (27). Therefore, the findings are likely to be representative of obstetric medical staff in the region. Hubei Province, located in the central region of China, holds a core position in the strategy of central region development (28) with a population of 5,775,257 residents in 2022. In 2021, the annual birth population of Hubei Province was 404,000, with a birth rate of 6.98‰ (29). It is necessary to explore the current status of knowledge, attitudes, and support needs of OB/GYN medical staff in Hubei Province regarding PMHD screening projects.

Exploring influencing factors is crucial for understanding and improving healthcare professionals’ behavior. While some studies have examined the knowledge, attitudes, and support needs related to perinatal mental health screening, research on the influencing factors remains limited. Only Xiao et al.’s study (25) compared the scores of obstetric healthcare professionals with different characteristics regarding PMHDs, revealing that age, education level, years of experience, professional background, and mental health-related education or work experience significantly impacted their knowledge, attitudes, and support needs. Further investigation is needed into the influencing factors affecting the knowledge, attitudes, and support needs of OB/GYN nurses and midwives in PMHDs.

Thus, this study aimed to investigate the knowledge of PMHDs, attitudes, and support needs related to implementing mental health screening during pregnancy among OB/GYN nurses and midwives in the central region of China while identifying the related influencing factors.



Materials and methods


Study design, setting, and participants

This study was a cross-sectional survey. Using a convenient sampling method, nurses and midwives in OB/GYN from public hospitals in 14 cities in Hubei Province were invited to participate in the study from July to October 2023.

The inclusion criteria were as follows: (a) nurses and midwives employed in the OB/GYN ward or outpatient clinic of a public hospital in one of the 14 cities of Hubei Province; (b) had at least 1 year of experience working in the OB/GYN ward or outpatient clinic; and (c) were willing to participate in the study. The exclusion criteria were (a) nurses or midwives who were on leave (e.g., maternity leave, sick leave) or absent for other reasons (e.g., external training) during the survey period; (b) nurses or midwives who were undergoing rotation or advanced training in the OB/GYN ward or outpatient clinic during the survey period; and (c) nursing interns or students.

This study obtained ethical approval from the ethics board of the Ethics Committee of the Department of Medicine, Wuhan University (Whu-LFMD-IRB2023055).



Sample size

Memon et al. (30) suggested that 15 to 20 observations per independent variable are strongly recommended in the multiple regression model. A total of 41 items were included in this study, which resulted in a sample size of 615 ~ 820. Considering a 20% attrition rate, 738 ~ 984 samples were needed. Additionally, Andrade (31) noted that the sample size may need to be larger in multicenter studies because of statistical noise due to variations in patient characteristics, nonspecific treatment characteristics, rating practices, environments, etc. between study centers. Therefore, our study ultimately included 1,271 participants.



Data collection

An online self-administered questionnaire was used for data collection. The first page of the questionnaire provided a brief introduction on the background, objective, voluntary nature of participation, declarations of anonymity and confidentiality, and notes for completing questionnaire. Informed consent was obtained from each participant online by placing a question about their agreement to participate in the study at the beginning of the survey. After informed consent was obtained, the participant could continue to complete the questionnaire.

A pilot study was conducted with 30 nurses to verify the readability and wording of the questionnaire. Modifications were made on the basis of participants’ comments, which did not contradict the questionnaire’s design. The final questionnaire was then designed via the most extensive online survey platform in China, Wen Juan Xing (Changsha Ranxing Information Technology Co., Ltd., Hunan, China). Before the main study began, the online survey system was tested by the authors to check the performance of the online survey system in multiple browsers (including Chrome, internet Explorer, Microsoft edge, and Safari) and on different types of devices (including mobile phones, computers, and tablets).

The formal online questionnaire1 was distributed in the form of QR codes or web pages to WeChat (a popular social application in China) Workgroups between December 1, 2022, and February 20, 2023. To ensure the quality of the responses, duplicate questionnaires submitted by participants with the same IP address (n = 3) and respondents who took <100 s to complete the questionnaire (n = 26) were excluded. Finally, a total of 1,300 questionnaires were submitted, and 1,271 without missing values were included in the present work.



Measurements

The online questionnaire designed for the study comprised four sections: demographic information, participants’ knowledge of PMHDs, participants’ attitudes toward PMHD, and participants’ support needs for PMHDs screening programs.

The demographic information questionnaire was self-designed by the researchers according to the research purpose and included age, years of working experience in OB/GYN, nature of the hospital (general hospitals or specialist maternity hospitals), hospital grade, title, category of personnel (nurse or midwife), and whether the respondent had mental health-related study or working experience (yes/no).

The Chinese version of the Perinatal Mental Health Knowledge Questionnaire was used to measure participants’ knowledge about PMHDs. The scale was first developed by Australian academics Hauck et al. (20) to measure midwives’ knowledge related to women’s perinatal psychology with 13 items. In 2017, Xiao et al. (25) translated the questionnaire into Chinese and conducted psychometric property tests. The Chinese version of the questionnaire is a reliable and valid instrument for assessing the PMHDs knowledge of medical staff, with a Cronbach’s α of 0.72. The final questionnaire consisted of 3 dimensions and 12 items. The six items related to the risks associated with mental illness included personal and family history, abuse and trauma, attachment, infant weight, hormonal protection and maternal age. Two items specifically addressed the Edinburgh Postnatal Depression Scale (EPDS). Four items related to the signs, symptoms and clinical management of mental illness were also included. Correct answers were scored as 1 point, and incorrect or unclear answers were scored as 0 points, for a total score of 12 points, with higher scores indicating greater knowledge of mental health during pregnancy. The overall evaluation was based on the percentage of correct answers, which was calculated as follows: total mean score/full score × 100%.

The Chinese version of the Perinatal Mental Health Attitudes Questionnaire was utilized to gauge participants’ attitudes toward PMHDs. Initially, developed by the Australian scholars McCall et al. (32). In 2002, this questionnaire was aimed at assessing general practitioners’ attitudes toward patients with depression and anxiety disorders. In 2012, Australian researchers Jones et al. (33) revised the questionnaire for use in measuring midwives’ attitudes toward psychological issues in pregnant women and new mothers. In 2017, Xiao et al. (25) translated and revised it into Chinese to evaluate healthcare professionals’ attitudes toward psychological health issues among pregnant women. The Chinese version of the questionnaire includes 15 items across two dimensions, namely, professional competence and comfort, and systemic issues. Examples of items include “My workload limits my ability to focus on depression or anxiety in pregnant women” and “The midwife/nurse/obstetrician should play the first role in dealing with anxiety and depression disorders in pregnant women.” A Likert scale ranging from “strongly disagree” to “strongly agree” was used for each item, with scores ranging from 1 to 5. The total score ranges from 15 to 75, with higher scores indicating a more positive attitude of healthcare professionals toward psychological issues among pregnant women.

The Health Care Facilities Support Needs Scale is designed to assess the support needs of healthcare professionals regarding the implementation of mental health screenings for pregnant women. The scale was developed by Xiao et al. in 2018 (25) on the basis of Bandura’s social cognitive theory with reference to the relevant literature and expert consultation. This scale consists of 7 items, all of which are related to the need for healthcare professionals to support the implementation of PMHDs screening, e.g., “I think there is a need for hospitals to have specialists in mental health.” Each item was rated on a 5-point Likert scale ranging from “strongly disagree” to “strongly agree,” with 1–5 points assigned. The total score ranges from 7 to 35, with a higher score indicating greater need from health care facilities. The Cronbach’s α of the scale was 0.93 (25).



Statistical analysis

All the statistical analyses were done with SPSS 27.0. Categorical variables were presented as n (%), while continuous data following a normal distribution were described using means and standard deviations (SD). Data that deviated from a normal distribution were represented using median and interquartile range.

For normally distributed data, t-tests or ANOVA were used for intergroup comparisons, while non-normally distributed data were analyzed using the Mann–Whitney or Kruskal-Wallis H test. The mean knowledge, attitudes and support needs scores were used as the cut-off points. Variables with p values less than 0.05 in the univariate analyses were included in the multivariate logistic regression model. The results are reported as odds ratios (ORs) and 95% confidence intervals (CIs). A two-sided p value less than 0.05 was considered statistically significant.




Results


Demographic and baseline characteristics of the participants

In this study, a total of 1,271 questionnaires were collected, with 959 (75.06%) being nurses and 312 (24.55%) being midwives, 664 (52.24%) participants falling within the age bracket of 30–39 years, 1,129 (88.82%) attaining education up to the level of a bachelor’ s degree, and 371 (29.10%) working in specialist maternity hospitals. Of the total participants, only 300 (23.60%) had mental health-related education or work experience. Other information is detailed in Table 1.



TABLE 1 Demographic and baseline characteristics and differences in the knowledge, attitudes, and support needs of the participants (n = 1,271).
[image: Table displaying data on knowledge, attitude, and support needs across various variables like age, education, and nursing experience. Variables include age, education, years of experience, employment mode, and personnel category. The table presents mean scores, statistical values, and significance levels, highlighting statistical significance in bold.]



Nurses’ and midwives’ knowledge of PMHDs

The average PMHDs knowledge score was 6.09 ± 1.99, with an average accuracy of 48.5%. The first dimension, related to risk factors, had the highest score. The dimensions of signs, symptoms and clinical management of mental illness had the lowest scores.

Specifically, the item “Women with postnatal depression often feel sad and cry (false)” had the lowest accuracy (3.38%). Additionally, the accuracy of the items “Postnatal depression will go away on its own but occasionally requires treatment (false)” and “Women must not breastfeed if taking medication for mental illness (false)” was also very low, at 9.76 and 17.62%, respectively (Table 2 and Supplementary Figure S1).



TABLE 2 Accuracy of PMHDs knowledge for nurses and midwives.
[image: Table displaying statements about mental illness with corresponding accuracy percentages. It covers related risk factors, the Edinburgh Postnatal Depression Scale, and clinical management of mental illness, with accuracies ranging from 3.38% to 93.31%. True or false assertions are noted for each statement.]



Nurses’ and midwives’ attitudes toward PMHDs

Nurses’ and midwives’ attitudes toward PMHDs ranged from 16 to 80 scores, with an average of 47.67 ± 8.80 scores. The item “I do not think I can tell the difference between a normal woman and a pregnant woman with psychological problems” had the lowest score (2.23 ± 0.96). The item “Pregnant women with symptoms of depression or anxiety should seek help from a psychologist or psychiatric specialist” had the highest score (4.10 ± 0.91). Additionally, the item “the midwife/nurse/obstetrician should play the first role in dealing with anxiety and depression disorders in pregnant women” also scored high (3.73 ± 0.98) (Table 3).



TABLE 3 Scores and responses of PMHDs attitudes for nurses and midwives.
[image: A table displays survey data on attitudes towards addressing psychological issues in pregnant women. It includes columns for mean with standard deviation, and categories from "Strongly agree" to "Strongly disagree". Items are divided into two sections: "Professional competence and comfort" and "Systemic issues". Each row provides specific statements and numerical responses in percentages and counts under each category.]



The support needs of nurses and midwives for the implementation of mental health screening for women during pregnancy

The support needs scores of the nurses and midwives ranged from 7 to 35, with an average of 29.35 ± 4.66 (Table 4). All the items had scores greater than 4 scores, among which the item “I think there is a need for hospitals to have specialists in mental health” had the highest score (4.26 ± 0.71).



TABLE 4 Scores and responses of PMHDs screening support needs for nurses.
[image: Table showing survey results on perceptions of mental health in maternity care. Items include the need for specialists, routine assessments, and training in mental health. Responses are categorized into Strongly Agree, Agree, Neutral, Disagree, and Strongly Disagree with corresponding mean ± SD values. Percentages and counts are provided for each category.]



Factors associated with knowledge, attitudes, and support needs

The results of the univariate analyses (Table 1) revealed that years of nursing experience, years of OB/GYN nursing experience, mental health-related education or work experience, mode of employment, category of personnel, title, and nature of hospital were the variables influencing the knowledge score (p < 0.05). Years of nursing experience, years of OB/GYN nursing experience, mental health-related education or work experience, category of personnel, title, and nature of the hospital were the influencing factors of support needs (p < 0.05). We found no significant associations between attitudes and any demographic or baseline characteristics (p > 0.05).

In the multivariate logistic regression analysis, variables with p-values less than 0.05 from the univariate analysis were included. Both the knowledge and support needs models were adjusted for years of nursing experience and years of obstetrics and gynecology nursing experience. The results revealed that having mental health related education or work experience (adjusted OR (aOR) = 1.43, 95% CI: [1.08 ~ 1.88], p = 0.01), being midwives (aOR = 1.78, 95% CI: [1.33 ~ 2.37], p < 0.001), and working in specialist maternity hospitals (aOR = 1.55, 95%CI: [1.20 ~ 2.02], p < 0.001) were significantly associated with higher knowledge scores (Table 5). Additionally, having mental health related education or work experience (aOR = 1.59, 95% CI: [1.09 ~ 2.31], p = 0.014) and working in specialist maternity hospitals (aOR = 1.42, 95%CI: [1.12 ~ 2.12], p < 0.01) were significantly associated with higher support needs scores (Table 6).



TABLE 5 Multivariate regression analysis (knowledge dimension).
[image: Table comparing the effects of various factors on a cut-off value (≥6/<6) regarding mental health-related education, mode of employment, personnel categories, titles, and nature of hospitals. Adjusted odds ratios (OR) with 95% confidence intervals (CI) are provided, some of which show statistically significant results (p < 0.05) in bold. Significant findings include correlations with mental health education (OR 1.43, p = 0.01), being a midwife (OR 1.78, p < 0.001), and working in specialist maternity hospitals (OR 1.55, p < 0.001).]



TABLE 6 Multivariate regression analysis (support needs dimension),
[image: Table showing the association between various factors and an outcome with an odds ratio greater than or equal to twenty-nine over twenty-nine. Mental health experience shows a significant result with an adjusted odds ratio of 1.59 and a p-value of 0.014. Midwifery shows an odds ratio of 1.28 and a p-value of 0.19. Deputy director or chief nurse shows an odds ratio of 1.56 and a p-value of 0.08. Specialist maternity hospitals have a significant result with an odds ratio of 1.42 and a p-value of less than 0.01. Adjustments are noted for nursing experience.]




Discussion

This is the first study to assess OB/GYN nurses’ and midwives’ knowledge, attitudes, and support needs regarding PMHDs in Central China. Results show that they had insufficient knowledge, moderate attitudes towards PMHDs screening, and great support needs for implementing mental health screening during pregnancy.

This study revealed that OB/GYN nurses’ and midwives’ knowledge about PMHDs was 6.09 ± 1.99, which was relatively low, close to that reported in Xiao et al.’s study (25) but lower than the mean score reported in Hauck’s survey of Australian midwives (8.27 ± 2.67) (20). This may be because perinatal mental health screening has been implemented in Australia for some time, whereas China is still in the early stages of this effort (24). Additionally, in our study, the item “Women with postnatal depression often feel sad and cry (false)” (only 3.38%) had the lowest accuracy, which is significantly lower than the accuracy rate reported in Australia (68.1%) (20). This discrepancy may be attributed to cultural differences. In China, pregnancy is traditionally viewed as a joyful event, leading to the suppression, underestimation, and unrecognition of negative emotions like sadness. Another contributing factor could be linked to a lack of relevant education, training, and work experience among nurses and midwives. Several studies indicate that both nurses and midwives often feel inadequately equipped in terms of their knowledge and skills concerning PMHDs due to insufficient training in this domain (34, 35). Limited access to continuous professional development opportunities can negatively impact individuals’ levels of knowledge related to PMHDs (35, 36). Therefore, there is a need to strengthen the training and education of nurses and midwives about PMHDs. Targeted training has been implemented in Australia (37), which showed that it can significantly enhance the knowledge, skills, and confidence of midwives. However, such training programs are not yet available in China. Thus, there is an urgent need for targeted educational interventions among Chinese healthcare providers.

In this study, nurses and midwives demonstrated moderate attitudes toward the mental health of perinatal women, recognizing that it is within their role to address anxiety and depression disorders in pregnant women. This aligns with Hauck’s study in Australia (20), where the majority of midwives (87.7%) agreed that assessing the mental health status of women in their care is part of their role. However, in contrast with Hauck’s study, in which less than half (42.7%) of participants believed that mental health issues during pregnancy should always be referred to a specialist, our study revealed that most participants felt that pregnant women experiencing symptoms of depression or anxiety should seek help from a psychologist or psychiatric specialist. Additionally, the average score for the item “I do not think I can tell the difference between a normal woman and a pregnant woman with psychological problems” was 2.23 ± 0.96, indicating that many participants lacked confidence in their ability to differentiate between normal and problematic psychological conditions. These findings suggest that while there is a willingness among OB/GYN nurses and midwives to engage in maternal mental health screening and care, there is also a significant gap in their professional knowledge, skills, and confidence. This is consistent with earlier results showing that they scored lowest in terms of knowledge about PMHDs signs, symptoms, and clinical management. Another possible explanation for this discrepancy could be the overall shortage of health resources in many Chinese hospitals, leading to overworked nurses and midwives who lack the time and energy to thoroughly assess the mental health status of pregnant women (26). Thus, it is essential to implement training programs focused on the signs, symptoms, and clinical management of PMHDs to enhance the knowledge and skills of OB/GYN nurses and midwives, thereby boosting their professional confidence. Studies in UK (38) and Ireland (39) have demonstrated that such training significantly improves the knowledge, skills, and confidence of midwives, including students. Additionally, improving human resource allocation is necessary to further support these healthcare professionals.

This study revealed that nurses and midwives expressed great support needs for PMHDs screening, aligning with findings from Xiao et al.’s studies (25, 26), which indicated that nurses and midwives require targeted training on PMHDs to enhance their competency in this area. Additionally, Xiao et al.’s study (26) highlighted other support needs among obstetric healthcare professionals, including the implementation of relevant policies to support perinatal mental health disorder screening, the establishment of multidisciplinary teams for mental health management, and the enhancement of public awareness of perinatal mental health disorders to reduce stigma and promote early detection and intervention. In our study, OB/GYN nurses and midwives also emphasized the necessity for hospitals to have specialists in mental health, likely due to the time-consuming nature of addressing psychological problems in pregnant women, given their busy schedules (26, 40). Moreover, considering their limited training in mental health, they prefer having psychologists in hospitals handle such issues, which aligns with the findings mentioned above. Given these findings, we recommend that China develop specific policies to address the identified support needs, such as implementing mandatory PMHDs training programs for OB/GYN nurses and midwives, increasing the integration of mental health specialists into obstetric care teams, and launching public awareness campaigns to facilitate the early identification and intervention of perinatal mental health issues. These steps are crucial for building a more supportive healthcare environment for both professionals and patients.

This study found that mental health-related education or work experience, personnel categories, and the nature of the hospital are important factors influencing the knowledge scores of OB/GYN nurses and midwives regarding PMHDs. Specifically, those with relevant education or work experience, midwives, and staff in specialist maternity hospitals demonstrated higher knowledge scores. This finding is consistent with Xiao’s study (25). Notably, our study revealed that midwives scored higher in knowledge than OB/GYN nurses, even though in traditional Chinese medical practice, ward nurses are generally more focused on the psychological care of pregnant women, while midwives primarily handle delivery-related care (22). This finding may suggest that midwives have increasingly emphasized perinatal mental health in their training and roles in recent years, or that they are more frequently exposed to related mental health issues in their work. Moreover, our study also showed that mental health-related education or work experience and the nature of the hospital were significantly associated with support needs scores. Specifically, nurses and midwives in specialist maternity hospitals had higher scores in both perinatal mental health knowledge and support needs compared to those in general hospitals. This may reflect the greater emphasis and higher standards placed on perinatal mental health training and evaluation in specialist hospitals. Our study further pointed out that those with mental health-related education or work experience not only had higher knowledge scores but also exhibited greater support needs. This result suggests that as knowledge levels increase, healthcare professionals become more aware of their limitations in perinatal mental health care, leading to a stronger desire for learning and support, thereby creating a positive feedback loop.


Limitations

This study provides a snapshot of the prevailing knowledge, attitudes, and support needs among Chinese nurses and midwives. Thus, generalizability to other contexts may be limited. The data were collected solely in Hubei Province, China, and the sample may not be fully representative of the entire country, potentially introducing selection bias. Furthermore, the study relies on quantitative data without the supplementation of qualitative data beyond responses to open questions. Integrating qualitative insights could have offered a more comprehensive understanding of various perspectives. Importantly, relying solely on self-reported practices through survey methods may not fully capture the actual clinical practices and competency of midwives and nurses. Therefore, caution is warranted in interpreting the findings solely on the basis of this survey methodology. Finally, it is worth noting that there may be interactions between knowledge of, attitudes toward, and support needs for PMHDs. Unfortunately, this study did not identify a two-by-two correlation between these three factors. Therefore, further research is needed in the future.




Conclusion

Currently, nurses and midwives specializing in OB/GYN in China exhibit insufficient knowledge about PMHD, with those having relevant education or work experience, being midwives, and staff in specialist maternity hospitals demonstrated higher knowledge scores. Furthermore, nurses and midwives display moderate attitudes toward PMHDs screening. There is a great need for support from government agencies regarding the implementation of PMHDs screening programs, with those having mental health-related education or work experience and in specialist maternity hospitals had higher scores.

Considering the potential role of nurses and midwives in PMHDs screening programs and the influencing factors mentioned above, it is essential to provide tailored training for nurses and midwives regarding PMHDs-related knowledge and skills. Moreover, providing professional support is crucial for facilitating the promotion of routine maternal mental health screening services in the future.
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Aim: To explore the risk factors for low-birth-weight infants born to pregnant women with GDM to develop a prediction model and to construct a prediction nomogram for the risk of low birth weight infants born to pregnant women with GDM.
Methods: The clinical data of singleton infants diagnosed with gestational diabetes mellitus in Southeast China in 2019 were retrospectively reviewed. Gestational conditions and neonatal weight were assessed.
Results: A total of 386 diabetic mothers and infants were enrolled, including 193 in the low birth weight group and 193 in the normal birth weight group. The statistically significant factors were age over 36 years (OR = 1.916, 95% CI 1.048–3.505), junior high school education (OR = 4.454, 95% CI 1.882–10.543), history of fetal distress (OR = 0.120, 95% CI 0.016–0.925), gestational hypertension (OR = 3.681, 95% CI 1.357–9.986), preeclampsia (OR = 24.652, 95% CI 5.956–102.036), threatened preterm birth (OR = 18.393, 95% CI 8.457–39.999), triglycerides (OR = 0.642, 95% CI 0.485–0.850), and inadequate gestational weight gain (OR = 1.997, 95% CI 1.162–3.432). The area under the receiver operating characteristic curve (AUC) was 0.834 (95% CI: 0.794–0.874, p < 0.001), and the sensitivity and specificity were 82.38 and 87.56%, respectively. The goodness-of-fit test likelihood ratio 2 was 2.089 (p = 0.978). The comprehensive nomogram model showed that the discrimination and mean absolute error were 0.834 and 0.015, respectively. The calibration curves showed acceptable agreement between the predictions of the column line plots and the observations. The DCA curves showed good positive net yields in the prediction model.
Discussion: This study established a prediction model and risk score for low birth weight in pregnant women with GDM. It helps pregnancy clinics to identify the risk of low birth weight in newborns promptly, in addition to glycemic control and weight management for pregnant women with GDM, and should improve the appropriate treatment plan for pregnant women with higher risk, to provide personalized and precise treatment for pregnant women with GDM and improve infant outcomes.
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Introduction

Gestational diabetes mellitus (GDM) is the first diagnosis of any degree of abnormal glucose metabolism during pregnancy (1) and is usually detected during the second trimester (24–28 weeks) or the third trimester (28 weeks and beyond). GDM is a major public health problem for women worldwide (2). However, the adverse consequences of GDM can be actively prevented and reversed. Through clinical experience, early diagnosis, and treatment of GDM, opportunities arise for clinical intervention and the mitigation of adverse perinatal outcomes (3).

Fetuses receive increased amounts of glucose from mothers with GDM during pregnancy, which promotes insulin secretion and increases fetal growth. Newborn birthweight (NBW) refers to newborn birthweight within 1 h after delivery (4) and is one of the most direct indicators of newborn health. Low birth weight included small for gestational age (SGA) and low birth weight (LBW). Low birth weight increases perinatal morbidity and mortality, including neonatal asphyxia, hypothermia, and abnormal nervous system development, and even increases the risk of future preeclampsia, pregnancy-induced hypertension, and SGA, as well as significantly increases the incidence of mental diseases in women with LBW (5). At the same time, the treatment of poor birth weight and its complications not only causes a large economic burden in the long and short term for the country and society but also increases additional nursing costs (6). Newborn birth weight has become the focus of global public health. Early identification of abnormal fetal weight and timely nursing and health education are highly important for ensuring maternal and offspring health.

Epidemiological studies have shown that infants born to mothers with GDM have a greater rate of adverse perinatal outcomes (e.g., asphyxia, hypoglycemia, and birth defects) than infants born to mothers without GDM (7). Current studies on the birth weight of infants born to diabetic mothers mostly focus on macrosomia. Researchers such as Naha (8), Tomlinson (9), and others have constructed prediction models for macrosomia and large for gestational-age infants born to pregnant women with GDM. Previous studies have shown that pregnant women with GDM are more likely to have large gestational age infants and macrosomia than pregnant women without GDM (10), and some studies have shown that mild GDM is also considered to be related to a reduction in neonatal birth weight after treatment (11). A cross-sectional study conducted in 2021 at Jamhouria Hospital/Neonatal Ward found that gestational diabetic and pre-pregnant diabetic mothers delivered 16.7% of newborns with LBW and 13.3% with macrosomia (12). Prior research has demonstrated that there is no statistically significant variance in the occurrence of LBW and small for SGA between women afflicted with GDM and those who are not (13). The incidence rates display a tendency to rise with time (14). Consequently, GDM does not mitigate the probability of pregnant women delivering infants with LBW. Clinically, a uniform approach to nutritional management, blood sugar control, and health education for pregnant women with gestational diabetes is aimed at reducing the occurrence of adverse pregnancy outcomes. Quite the contrary, when expectant mothers with GDM undergo rigorous dietary, physical activity, or insulin interventions, it may exacerbate the severity of LBW (8). Therefore, building a risk prediction model can help clinicians identify high-risk GDM pregnant women for delivering LBW babies in the early or mid-pregnancy. This helps to take early intervention measures, such as adjusting dietary structure, to improve pregnancy outcomes and reduce the incidence of LBW babies. However, thus far, few scholars have developed a risk prediction model solely targeting the LBW of GDM newborns as an outcome indicator.

The nomogram model serves as a computational graphical device that substitutes intricate mathematical formulations, effectively portraying the outcomes of regression analyses in an intuitive and visually comprehensible manner. This approach has garnered widespread adoption across diverse medical disciplines. The nomogram inherently accommodates the nuanced impact of each influencing factor on the clinical outcome, assigning distinct scores to each, where the cumulative score serves as a proxy for the risk of a particular clinical event. In clinical practice, physicians can expeditiously evaluate a patient’s risk level by leveraging the information encoded within the nomogram, thereby facilitating informed clinical decision-making. Consequently, the development of a nomogram-based risk prediction model in this study presents itself as a streamlined tool, empowering healthcare providers to swiftly assess the risk of delivering LBW infants among GDM pregnant women and tailor personalized treatment strategies accordingly.

Therefore, accurate identification of pregnant women with GDM who may have poor birth weight and individualized intervention and management is very important to improve the occurrence of maternal and child complications and ensure the safety of the mother and child. To date, there is no relevant study on LBW infants born to mothers with GDM in China. In this study, we sought to investigate the demographic and clinical characteristics and risk factors for LBW infants born to mothers with GDM in China to provide a basis for timely identification of risk factors for neonatal underweight during pregnancy, implementation of intervention treatment for pregnant women with GDM, and improvement of neonatal prognosis.


Research design

This was a retrospective case–control study.



Research objects and methods


Research site

A tertiary hospital in southeast China.




Research subjects

Pregnant women with GDM and their newborns who gave birth during regular antenatal check-ups at the research hospital from January 1, 2019, to December 31, 2019, were included. Relevant data during pregnancy and the neonatal period were collected. LBW was included in the case group, and normal birth weight was included in the control group. The sample size of the control group and the case group was 1:1. The gestational age of the control group was matched by the tendency scoring method, and the matching tolerance was set at 0.1.



Diagnostic criteria

The diagnostic criteria for GDM were as follows: according to the 2014 Chinese Guidelines for the Diagnosis and Treatment of Gestational Diabetes Mellitus, a 75 g OGTT (one-step method) was performed at 24–28 weeks of gestation, and the blood glucose value met any one or more of the following criteria: fasting blood glucose at least 5.1 mmol/L; OGTT 1 h blood glucose at least 10.0 mmol/L; and OGTT 2 h blood glucose at least 8.5 mmol/L (15).



Weight measurement

The weight and height of the participants were measured using standard procedures in units of 0.1 kg on a digital scale and 0.1 cm on a stadiometer, respectively, while participants wore light clothes and were barefoot. Prepregnancy weight was self-reported at the first prenatal visit and measured at the second and third-trimester prenatal visits.



Inclusion and exclusion criteria

The inclusion criteria were as follows: ① aged ≥18 years; ② pregnant woman diagnosed with gestational diabetes at 24–28 weeks; ③ pregnant woman who underwent prenatal examination and gave birth at the study hospital; and ④ single live birth.

The exclusion criteria were as follows: ① prepregnancy diabetes mellitus; ② incomplete electronic medical record information; ③ newborn suffering from congenital defects and other perinatal diseases that seriously affect growth and development; ④ polycystic ovarian syndrome before pregnancy; ⑤ pregnant women who had received medical treatment for chronic conditions, such as oral glucocorticoids, thiazide diuretics, beta-blockers, ACE inhibitors, or antiretroviral drugs; and ⑥ late abortion or induced labor due to fetal abnormalities.



Sample size

The sample size was calculated using PASS 15.0. According to the preliminary survey, the proportion of patients with inadequate GWG in the LBW group was 55%, and the percentage of patients with exposure to risk factors in the normal weight group was 37%. The level of significance was set at 5%, and the statistical power was set at 1–β =0.90. The sample size of each group was 156, and the minimum sample size was 312. The number of samples was increased by 10% to account for incomplete data, and a minimum sample size of 347 participants was needed.



Variable definition

Prepregnancy BMI was defined as prepregnancy weight (kilograms) divided by prepregnancy height squared (meters). Prepregnancy BMI status was categorized into 4 levels for the Chinese population as follows: underweight, < 18.5 kg/m2; normal weight, 18.5–22.9 kg/m2; overweight, 23–24.9 kg/m2; and obese, ≥25 kg/m2 (16).

According to American Institute of Medicine standards, prepregnancy underweight (BMI <18.5 kg/m2) pregnancy weight gain is appropriate for 12.5 ~ 18.0 kg; prepregnancy weight normal (18.5 kg/m2 ≤ BMI < 25.0 kg/m2) pregnancy weight gain is suitable for 11.5 ~ 16.0 kg; prepregnancy overweight (25.0 kg/m2 ≤ BMI < 30.0 kg/m2) pregnancy weight gain is 7.0 ~ 11.5 kg; and prepregnancy obesity (BMI ≥ 30.0 kg/m2) is suitable for pregnancy weight gain of 5.0 ~ 9.0 kg (17). If the weight gain during pregnancy is less than or greater than the appropriate amount, there is insufficient weight gain during pregnancy and excessive weight gain during pregnancy, respectively.

LBW was defined as <2,500 g at birth. Preterm birth was defined as a gestational age < 37 weeks at birth.



Research tools/observation indicators

General and basic information, drug use, and physiological indicators were obtained from the hospital’s electronic medical records system.

The indicators included in the study included: age, ethnic groups, place of residence, degree of education, occupation, marital status, medical insurance, parity, order of birth, family history, history of miscarriage, history of macrosomia, history of GDM, history of fetal distress, history of premature rupture of membranes. Artificially assisted reproduction, intrahepatic cholestasis of pregnancy, hypertensive disorders of pregnancy, and hyperthyroidism. Hypothyroidism, anemia, threatened preterm labor, polyhydramnios, oligohydramnios, insulin, prepregnancy BMI, pregnancy weight gain, urinary ketone in early pregnancy, urinary ketone in the second trimester, OGTT-0h, OGTT-1h, OGTT-2h, triglycerides in early pregnancy, fasting blood glucose in the first trimester, 2 h postprandial blood glucose in early pregnancy, triglycerides in the second trimester, fasting blood glucose in the second trimester, 2 h postprandial blood glucose in the second trimester, glycated hemoglobin in the second trimester, average weekly abdominal circumference growth rate, the average weekly growth rate of uterine height.



Data analysis

IBM SPSS 27.0 software was used for data analysis. Continuous variables were defined using the mean and standard deviation (SD) after assessing the symmetry of distributions through the observation of histograms. In instances where medians and percentiles P25 and P75 were presented, this was due to the absence of symmetry. To evaluate the normal distribution of continuous variables, we examined histograms, symmetry, and kurtosis, taking into account the size of our sample. Categorical variables were defined by their total number and frequency (%). Age was modified as a dichotomous variable using advanced pregnancy as the cut-off point. For the variable inferential analysis, normally distributed measurement data were analyzed by two independent sample t-tests or analysis of variance for comparisons between groups. Continuous non-normally distributed variables and categorical variables were analyzed by nonparametric Kruskal–Wallis, and Mann–Whitney U tests. For categorical variables, we used the χ2 test or Fisher’s exact test (dichotomic variables and ≥20% cells with expected count <5). To assess associations, we used binomial and multinomial logistic regression to obtain crude and adjusted odds ratios (ORs) with 95% confidence intervals (CIs). The nomogram was constructed and drawn using R software version 4.1.2. The C-statistics between the nomograms and each of the independent predictor variables were compared using the Delong test. Calibration curves were used to analyze the agreement between the predictions of the column line plots and the actual observations. Decision curve analyses (DCA) were performed to assess the clinical utility of the predicted column-line plots by estimating the net benefit under the threshold probabilities of LBW types.

All tests with statistical significance were bilateral, and a p-value <0.05 was considered to indicate statistical significance.




Results

A total of 4,837 pregnant women with GDM were identified in the electronic database, and 2,869 pregnant women with GDM met the inclusion and exclusion criteria after excluding 146 women with multiple births, 14 cases of stillbirth, 207 cases of pregestational diabetes, and 1,601 cases with missing data. A total of 193 cases of neonatal LBW were found, and the incidence of LBW was 6.73%. A total of 193 normal-weight infants born to pregnant women with normal GDM in the same period after PSM1:1 were selected as the control group and the corresponding technical roadmap is shown in Figure 1.

[image: Flowchart illustrating the selection process for a study on pregnant women with gestational diabetes mellitus (GDM). From 4,837 women with regular prenatal exams, 2,869 delivered and were enrolled. Exclusions included 146 multiple births, 14 stillbirths, 207 with pregestational diabetes, and 1,601 with missing data. The study focused on 193 cases with low birth weight (LBW) and selected a control group of 193.]

FIGURE 1
 Technical road map.


Univariate analysis revealed that age, education level, history of preterm birth, history of fetal distress, hypertensive disorders complicating pregnancy, threatened preterm birth, average weekly abdominal circumference growth rate and weight gain during pregnancy were significantly different (p < 0.05), as shown in Table 1.



TABLE 1 Factors associated with LBW for pregnant women with GDM [N(%)/X ± SD/M(P25, P75)].
[image: A table compares characteristics between low birth weight (LBW) and normal weight groups, each with 193 individuals. Categories include age, education level, history of fetal distress, hypertensive disorders of pregnancy, threatened preterm labor, and pregnancy weight gain. Each category shows counts, percentages, statistical values (χ², t, Z), and p-values, indicating significant differences in education level, hypertensive disorders, threatened preterm labor, and pregnancy weight gain between groups.]

Considering the importance of triglycerides during pregnancy on birth weight (12), triglycerides were included in the regression analysis as a potential independent variable. Collinearity diagnosis was performed on latent variables and variables with significant univariate analysis results (p < 0.05), and the results showed that all variables did not have collinearity and could be included in multivariate logistic regression analysis. With neonatal LBW as the dependent variable (1 = LBW, 0 = normal birth weight), backward regression was used to screen variables, and p = 0.15 was the exclusion criterion. The results showed that age ≥ 36 years, middle school and below education, threatened preterm labor, gestational hypertension, and excessive weight gain during pregnancy were risk factors for LBW born to GDM women. Compared with that of women 18–35 years old, the risk of LBW delivery was 1.795 times greater in GDM women ≥36 years old. Compared with women with a college education or above, the risk of LBW delivery was 4.424 times greater for GDM women with a junior high school education or below. Compared with those without preterm birth, the risk of LBW delivery was 18.073 times greater in those with preterm birth. The risk of LBW delivery was 7.829 times greater in those with pregnancy-induced hypertension than in those without pregnancy-induced hypertension. Compared with those who gained a normal weight during pregnancy, the risk of LBW delivery was 2.031 times greater in those who gained less weight during pregnancy. Triglycerides during pregnancy and a history of fetal distress were protective factors. For every 1 mmoL/L increase in triglycerides in early pregnancy, the risk of LBW delivery in GDM women decreased 1.538 times. The risk of LBW delivery was 8.065 times greater for GDM women with no previous history of fetal distress than for those with a history of fetal distress, as shown in Table 2.



TABLE 2 Multiple regression analysis for the factors associated with LBW among pregnant women with GDM.
[image: Table showing determinants related to pregnancy outcomes. Columns include β coefficient, standard error, Wals χ2, P-value, odds ratio (OR), and 95% confidence interval (CI). Determinants listed are age, education level, fetal distress history, gestational hypertension, preterm labor threat, triglycerides in early pregnancy, and insufficient weight gain. Footnotes clarify references for education, hypertension, and weight gain.]


Evaluation of discrimination

The ROC curve (Figure 2) was constructed by using the predicted probability of logistic regression as the state variable and LBW as the test variable, and the AUC value was 0.829 (95% CI: 0.789–0.870, p < 0.001), indicating that the diagnostic value was good. When the optimal cutoff value of the model was 0.464, the sensitivity and specificity were 70.46 and 82.90%, respectively.

[image: Receiver Operating Characteristic (ROC) curve displaying sensitivity versus one minus specificity. The curve is above the diagonal line, indicating good test performance. The x-axis is labeled "1 - Specificity" and the y-axis "Sensitivity." Diagonal segments represent ties.]

FIGURE 2
 ROC curve plots. The sensitivity is the abscissa, and the (1-specificity) is the ordinate.



Evaluation of calibration

The Hosmer–Lemeshow goodness of fit test was used to evaluate the calibration ability of the prediction model. The likelihood ratio 2 was 0.353, and the p value was 0.553, indicating that there was no significant difference between the predicted value and the observed value, and the calibration degree of the model had a good degree of fit.



Nomogram

Based on the results of the multivariable analyses, a nomogram for the risk of LBW resulting from GDM was constructed, as shown in Figure 3. Each value of these variables yields a score on the score axis. Each score can easily be added up to create a total score, and by extrapolating the total score to the entire score scale, the likelihood of LBW can be calculated. Pregnancy-induced hypertension was found to have the greatest impact on the prediction of LBW.

[image: Panel A shows a nomogram with variables including degree of education, hypertensive disorders of pregnancy, threatened preterm labor, age, history of fetal distress, weight gain during pregnancy, and triglycerides. Each variable is assigned points contributing to total points, a linear predictor, and risk assessment. Panel B presents a calibration plot comparing actual probability and predicted probability with lines for apparent, bias-corrected, and ideal scenarios. Mean absolute error reported is 0.017 with n equals 386.]

FIGURE 3
 Nomogram and calibration curve for the incidence risk of low-birth-weight infants born to women with gestational diabetes mellitus in China: (A) nomogram and (B) calibration plot.


The calibration curves overlap the ideal line, indicating that the actual probabilities are in good agreement with the LBW probabilities predicted by the column plot. The discrimination of the nomogram yielded a c-index of 0.834. The mean absolute error of the calibration curve of the nomogram was 0.015 (Figure 3). The DCA plot showed good positive net benefits in the predictive nomogram model for majority threshold probabilities (Figure 4).

[image: Line chart showing standardized net benefit versus high risk threshold. Three lines represent different strategies: "model" (red), "All" (blue), and "None" (black). The "model" line starts high and fluctuates, "All" decreases sharply, and "None" remains flat.]

FIGURE 4
 Decision curve analysis plot of the nomogram.






Discussion


Principal findings

This is a study of a prediction model and risk score for LBW infants who were born to pregnant women with GDM in Southeast China. The risk score includes several factors during pregnancy.

With the exposure to long- and short-term harm caused by the poor birth weight of neonates born to pregnant women with GDM, related research on the influencing factors of LBW has become a focus. The results of this study showed that the LBW of pregnant women with GDM was mainly related to basic conditions during pregnancy, adverse pregnancy history, insufficient weight gain during pregnancy, and hypertensive disorders during pregnancy.



Clinical implications


Demographic data

We found that the risk of LBW was greater in pregnant women with GDM who had a junior high school education or less than in those with a college education or above. The educational level can be used as an indicator of individual socioeconomic status to a certain extent and is usually an important determinant of diet, living status, and health care during pregnancy (18). Studies have shown that those with lower education levels have fewer prenatal visits (19), poor awareness of health care during pregnancy, and a greater likelihood of delivering LBW.

Age is an important influencing factor of LBW in pregnant women with GDM. Under the influence of various social factors, such as the mature application of reproductive technology, the gradual increase in women’s education level, and occupational demand, the number of women of advanced maternal age is gradually increasing, but this population faces greater pregnancy risk. Therefore, the role of health education cannot be ignored. It is necessary to disseminate knowledge about the increased incidence of adverse maternal and infant outcomes in older adult women. At the same time, it is necessary to further improve the prenatal examination system so that all pregnant women can receive standardized and systematic prenatal screening in early pregnancy to ensure the health of mothers and children.




Hypertensive disorders of pregnancy

The presence of hypertensive disorders complicating pregnancy is an important factor for predicting LBW in women with GDM. At present, a large number of international conclusions support that gestational hypertension and preeclampsia are risk factors for LBW (20), which is consistent with our results. The reason should be that GDM in pregnant women complicated with hypertensive disorders during pregnancy may affect the activity of glycogen glycolysis enzymes in the placenta but make it difficult for the fetus to obtain oxygen and nutrition, thus affecting the growth and development of the fetus (21) and eventually causing pregnant women with GDM to experience LBW. Especially for pregnant women with GDM and preeclampsia, glucose control is more difficult, resulting in poor glucose control. At the same time, placental small vessel spasm significantly reduces placental blood perfusion, causes placental function decline, and eventually increases the incidence of LBW. Therefore, in addition to close monitoring of blood pressure during pregnancy, health education during pregnancy should be increased. Yue et al. showed that there is an interaction effect between health education during pregnancy and gestational hypertension. Health education for pregnant women with hypertension can reduce the incidence of LBW, improve the awareness rate of knowledge related to gestational hypertension, increase the awareness of pregnancy health care for pregnant women with GDM (22), promote self-monitoring of blood pressure, and promote maternal and child health. Urinary protein should also be routinely monitored in pregnant women with GDM in the prenatal clinic.



Weight gain during pregnancy

As the obesity epidemic continues, many physicians are interested in minimizing gestational weight gain for all women. High rates of gestational weight gain, especially in the first trimester, are associated with an increased risk of gestational diabetes mellitus (23). Studies on the relationship between GDM and neonatal weight have focused more on macrosomia (24). This study revealed that inadequate GWG was a risk factor for LBW infants, but no association was found between excessive GWG and LBW infants. A recent retrospective study in China showed that women with inadequate weight gain were 2.48 times (10) more likely to deliver low LBW than those with adequate weight gain, and the same retrospective study in Portugal was 1.36 times more likely (25). Our study has similar results. In this study, the proportion of pregnant women who experienced insufficient weight gain during pregnancy was 55.70%, which was similar to the results of a Korean study (26). Pregnant women diagnosed with GDM pay more attention to weight control, including diet and physical activity, during the remainder of their pregnancy (27), but they should be aware that an overcontrolled diet can lead to LBW.

Therefore, it is necessary to formulate gestational weight control guidelines for pregnant women with GDM based on prepregnancy BMI, carry out a “gestational diabetes specialist clinic,” guide the diet and exercise intervention of pregnant women with GDM, strengthen blood glucose monitoring, and control pregnancy weight within a reasonable range.



Triglycerides in early pregnancy

Maternal triglycerides (TGs) are important for intrauterine development (28). TGs mainly play a role in saving energy providing energy to the human body and participating in energy metabolism (29). Lipogenesis and fat accumulation are enhanced in early pregnancy to prepare for rapid neonatal growth during later gestational stages. Fatty acids derived from maternal plasma TG can promote the placental expression of insulin-like growth factors to promote intrauterine fetal growth (30). Free fatty acid levels increase during the first and second trimesters of normal pregnancy and return to normal during the third trimester. High TG levels can promote the transport and decomposition of lipids by the placenta, accelerate the synthesis of amino acids and proteins, promote the deposition of fat in the fetus, and lead to macrosomia. It was found that maternal lipid levels in early gestation correlated with neonatal birth weight (31). Previous studies have also shown that high maternal TG levels are associated with increased birth weight in European and Chinese populations (32). Another study in China showed that the birth weight of newborns in the GDM group was correlated with TG, and the correlation coefficient (r = 0.604; p < 0.05) was not significant in the non-GDM group. It is speculated that TG can be used to monitor advanced GDM (33). This study revealed that elevated TG levels in the first trimester of pregnancy in women with GDM were a protective factor against LBW in neonates. It is suggested that pregnant women diagnosed with GDM need to develop a refined diet control plan according to the TG level in the first trimester to control triglycerides at a reasonable level.



Threatened preterm birth

This study revealed that threatened preterm birth was a risk factor for LBW in pregnant women with GDM, which is consistent with the results of previous studies (34). Therefore, when pregnant women have irregular contractions, vaginal water, and other symptoms of threatened preterm birth, we should be alert to the possibility of preterm birth and delivery of LBW infants and provide timely corresponding medical interventions to improve the fetal protection rate to improve pregnancy outcomes.



History of fetal distress

This study also revealed that GDM with a history of fetal distress in the previous pregnancy was a protective factor for LBW, which may be due to the experience of a previous adverse pregnancy, leading to increased awareness of pregnancy health care in the next pregnancy, thereby reducing the incidence of LBW. This topic remains to be further analyzed in the future.



Nomogram

The nomogram is an easy, convenient, and quick tool that can be used to predict the likelihood of delivering LBW after a pregnant woman has been diagnosed with GDM. Nomograms can individually estimate the probability of LBW by integrating various risk predictors, which meet our desire for visual tools and fulfill our drive toward personalized prevention. Through a user-friendly digital interface, improved accuracy, and easier-to-understand risk predictions compared to traditional mathematical formulas, rapid computational nomograms can seamlessly integrate risk assessment into clinical decision-making (35). In recent years, nomograms have been gradually applied to obstetrics and gynecology and maternal and child health care in China, for example, Chuangchuang Xu et al. (36) developed a prediction model for early postpartum stress urinary incontinence in women who had vaginal deliveries, and Mei Kan et al. (37) developed a model for identifying GDM in early pregnancy.

With the help of these simple, rapid, inexpensive, and noninvasive tools, we expect to be able to effectively identify individuals with a potentially increased risk of LBW delivery among pregnant women with GDM. For pregnant women with GDM who are at risk of delivering infants with LBW, medical staff need to be more cautious in medical intervention, pay attention to the intrauterine growth and development of their newborns, and provide targeted prenatal care.



Research implications

In conclusion, women with GDM are likely to birth LBW infants. This study confirms the necessity and feasibility of assessing LBW at delivery in all pregnant women with GDM. Using the nomogram, physicians in the obstetrics clinic can quickly and directly identify pregnant women with GDM who are at risk for LBW. Based on this, personalized health interventions are initiated, which can help improve neonatal outcomes.



Strengths and limitations of the study

Overall, our findings provide potential predictive factors for the LBW of infants born to GDM mothers, and the developed risk prediction model facilitates the visual representation of these risks, which is beneficial for clinical application and dissemination. This model also offers useful guidance and practical value for the early identification of high-risk GDM mothers with LBW infants.

The findings of this study should be considered in the context of the following limitations. First, we collected data from only one hospital, and the results are not nationally representative and may not apply to all women in China or elsewhere. Second, the nomogram must be tested for its validation due to its first development. Third, this study was based on a retrospective case–control study to construct a risk prediction model. Some potential confounding factors were not collected, such as smoking, baseline diet, exercise, and psychological indicators in pregnant women.




Conclusion

This study developed a prediction model and risk score for LBW infants who were born to pregnant women with GDM in Southeast China.
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Introduction: Rare earth elements (REEs) are widely used in plenty of fields. REEs have significant neurotoxicity and it may adversely affect the development of cognitive. For example, neodymium will causing neurological damage through penetrate the blood–brain barrier (BBB). However, whether it disrupts the balance of brain-gut axis (BGA) crosstalk and affects the intestinal microecology disorder of host is still unclear. This study investigated the neural damage on children caused by maternal exposure to Neodymium oxide (Nd2O3) during pregnancy, and its involved mechanism of BGA injury.
Methods: We used rat model to investigated the mechanisms of the offspring’s neural damage that Nd2O3 exposure in pregnancy. To verify the neural damage of offspring rats, we examed BBB-related factors, such like glutamate and ROS levels in brain tissue, behavioral tests, hippocampal and cortical damage, as well as changes in gut microbiota, intestinal mucosal barrier, and SCFAs in the intestine. Also, we observed some specific indicators of intestinal immune barrier function and gut nerve-related indicators.
Results: Maternal Nd2O3 exposure reduced the content of offspring tight junction proteins, increased BBB permeability, leading to Nd accumulation and brain tissue inflammation, affecting offspring’s neural development and weakening their spatial learning ability. Nd2O3 also disrupted BBB integrity by regulating SCFAs and BGA. Probiotic intervention in the offspring rats exposed to 2% Nd2O3 showed significant recovery of inflammation in both brain and colon tissues, and reduced BBB permeability.
Conclusion: Maternal exposure to Nd2O3 affects the offspring’s BGA, targeting brain and colon tissues, increasing BBB permeability, affecting neural development, causing damage to the intestinal mucosa, and impacting children’s gut development. Probiotics can alleviate these effects. These findings provide valuable insights into understanding the neurodevelopmental and intestinal developmental toxicity of Nd2O3 and its prevention and treatment. It also calls for a comprehensive assessment of the health risks of susceptible populations to Nd2O3, such as pregnant women. It may providing theoretical basis for preventing and controlling neodymium-induced harm in children by examing the repair mechanism of the damage through probiotic intervention.
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1 Introduction

Rare earth elements (REEs) are widely used in many fields such like agriculture, forestry, animal husbandry, fisheries, and pharmaceutical and chemical industries and so on. The environmental residues and accumulation may the core reasons that caused REEs raising significant public health concerns, especially in children (1). Currently, REEs have been detected in hair, nails, and bodily fluids of human, leading to nephrogenic systemic fibrosis and severe damage to the renal system, as well as neurological damage, fibrotic tissue injury, oxidative stress, pneumoconiosis, cytotoxicity, anti-testicular effects, and male infertility (2). Among the 17 REEs, La, Gd, Ce, and Eu have been extensively studied, while research on Nd is few (2, 3). Neodymium-iron-boron permanent magnet technology is widely used in various fields, making neodymium account for nearly 50% of the major rare earth market share in the world. However, deeply systematic research on the safety of large-scale mining and application of neodymium, particularly concerning the well-being of children living in high-neodymium exposure environments, has not been investigated. Additional, widespread mining and use of rare earths in address developmental impairments in children is urgently necessary.

Epidemiological studies conducted in several major rare earth mining areas in China have shown that the average IQ, cognitive abilities, and learning and memory capabilities of children in these areas are significantly lower than those which in control areas (4). Therefore, REEs have significant neurotoxicity and can have adverse effects on cognitive development (1–4).

Additional, nanometer neodymium oxide (Nano-Nd2O3) administered by nasal instillation has a mild stimulating effect on learning and memory in mice by affecting the activity of calcium ion channels (5). Furthermore, studies have found that Nano-Nd2O3 can lead to a decrease in the ability of brain tissue to remove lipid peroxides and an increase in oxidative stress levels in mice, demonstrating its toxic effects on the central nervous system (6). Nano-Nd2O3 disrupts the oxidation-antioxidant balance in the hippocampus and alters the levels of amino acid neurotransmitters, leading to neuronal damage and impairing learning and memory function in developing rats (7).

The first barrier that rare earth elements must overcome to damage the nervous system is the blood–brain barrier (BBB). The BBB is a multicellular complex composed of brain microvascular endothelial cells (BMECs), tight junctions (TJs) between cells, the basement membrane, and embedded pericytes and astrocyte foot processes. It can prevent certain toxic substances from entering the brain, protecting brain tissue from invasion by toxic substances and pathogens in the blood, providing nutrients to brain tissue, and maintaining the internal environment of the central nervous system (CNS) (8). The immature development of the BBB in early postnatal life provides an opportunity for metals and other toxic substances to enter brain tissue. Additionally, these substances may disrupt TJs, causing the BBB to leak and allowing more toxic substances to enter and accumulate in brain tissue, affecting the proliferation and differentiation of nerve cells and synaptic structure and function, leading to neural developmental damage. However, there have not researches about whether Nd can break through the BBB as we know.

The human gut is the “secret garden” of 10 trillion diverse symbionts, collectively known as the “microbiota.” Microbiota are 10 times more abundant than our somatic and germ line cells of the body. The collective genes of microbiota are known as the “microbiome” which is 150 times larger than the human genome (9, 10). Certain crucial traits are indispensable for microbes aiming to colonize new environments. These include a comprehensive suite of enzymes that enables them to harness accessible nutrients effectively, a precise configuration of cell-surface molecules that facilitates adherence to suitable niches within their prospective habitats. Additionally, the capacity to circumvent predation by bacteriophages and adaptiveness to counteract the vigilant immune responses of the host organism are paramount. It’s also essential for these microorganisms to possess resilience against both the physical and chemical rigors present in the gastrointestinal tract, allowing them to multiply swiftly while resisting expulsion through peristalsis (11).

Significant progress has been made in elucidating the bidirectional interactions between the nervous system, the gut, and the gut microbiota based on studies in experimental animals. Many studies have shown that the gut microbiota can regulate the structure and function of the enteric nervous system, forming a bidirectional connection with the gut-brain axis (GBA), thereby constituting the Brain-Gut-Microbiome (BGM) axis (12). The gut microbiota and its metabolites can influence the brain through neural, immune, and endocrine pathways, and the brain, in turn, regulates the composition of the gut microbiota through this pathway to maintain gut microbial balance. There have been no reports on the effects of rare earth neodymium exposure on the BGM axis in children living in rare earth mining areas. Studies have indicated that signal transduction within the BGM axis is regulated by two dynamic barriers, namely the BBB and the intestinal barrier (13).

Neodymium causes damage to the nervous system, but whether it leads to changes in the balance of BGA crosstalk, affecting the imbalance of the host’s gut microbiota and leading to changes in the BGA, has not been reported as we know. Therefore, starting from this specific group of children, it is crucial to study the effects and mechanisms of maternal exposure to Nd2O3 during pregnancy on BGA damage, and how to prevent and control the damage caused by neodymium to children, which is of great significance both at the individual and national levels. This study aims to explore the impact of neodymium on the development of the BGA in children, and thus provide a theoretical basis for the prevention and control of neodymium-induced damage during childhood.



2 Materials and methods


2.1 Animals and treatment

Sixty healthy adult female rats and sixty male rats weighing 260 ± 10 g were provided by Sbeifu (Beijing) Biotechnology Co., Ltd. and kept in the animal room for at least 1 week to adapt to the environment. The environmental temperature in the animal room was maintained at 17–23°C, with a relative humidity of 45–55%. The animal feed was provided by the Animal Experimental Center. Rats were mated in a 1:1 ratio of male to female, and the morning after mating, the presence of a vaginal plug marked as pregnancy day 0. Referring to previous research by Gao et al. (14, 15), the administration of Nd2O3 occurred during the gestation and lactation periods (22 days +21 days), with dosing frequencies of 0, 50, 100, and 200 mg/(kg·d). Pregnant rats were randomly divided into control group (distilled water of equal volume), 0.5% Nd2O3 group, 1% Nd2O3 group, 2% Nd2O3 group, and 2% Nd2O3 + BTVT (Bifidobacterium tetrad viable tablet, with the main component of Lactobacillus, Hangzhou Yuanda Biopharmaceutical Co., Ltd., 150 mg/kg) group for Nd2O3 gavage exposure during pregnancy and lactation, establishing an animal model of offspring exposure (gestation: pregnancy day 22, weaning: pregnancy day 43). All pregnant rats were fed ad libitum with food and water until the offspring were feed till adulthood (postnatal day 83) to conclude the animal experiment. Behavioral interventions using the BTVT model commenced on postnatal day 1 (PND 1). Given that the BBB is not yet fully developed in infants under 6 years of age and in rats within 21 days postnatally (specifically during the weaning period at PND 43), the study was conducted on pups at PND 43.



2.2 Nd2O3 exposure-induced neurological damage


2.2.1 Detection of BBB-related factors

Ten offspring rats from each of the following groups—pregnant rats exposed to 0.5% Nd2O3, 1% Nd2O3, 2% Nd2O3, 2% Nd2O3 + BTVT, and the control group (distilled water of equal volume) - were randomly selected for BBB-related tests on PND43 (postnatal day 43). ICP-MS was used to detect the rare earth neodymium content in the rat brains, the Evans blue method was employed to observe changes in blood–brain barrier (BBB) permeability in offspring rats, and transmission electron microscopy was used to observe ultrastructural changes in the BBB. qPCR was used to detect changes in the expression of TJs such as Occludin and ZO-1 in the brain tissue of offspring rats (primer sequences are listed in Table 1). The study aimed to discuss the impact of Nd2O3 exposure on the BBB permeability of offspring rats and its mechanism. Furthermore, relevant issues regarding the damage caused by Nd2O3 to the integrity of the BBB in the offspring rat brain were explored.



TABLE 1 Primer sequences of genes.
[image: Table listing six genes with their forward and reverse primer sequences (5'–3'). Listed genes: Occludin, ZO-1, Hrt3a, Hrt4, Sst, and β-actin. Each gene has corresponding primer sequences for both forward and reverse directions.]



2.2.2 Behavioral experiments in offspring rats

Five randomly selected offspring rats from pregnant rats exposed to 0.5% Nd2O3, 1% Nd2O3, 2% Nd2O3, 2% Nd2O3 + BTVT, and the control group (distilled water of equal volume) were subjected to relevant behavioral experiments on PND43. The experiments primarily included the Morris water maze test, aiming to investigate changes in learning and memory functions in offspring rats induced by Nd2O3 exposure. The Morris water maze consists of two parts: a spatial navigation part for the first 5 days and a spatial exploration part for the 6th day, reflecting the learning and memory ability of the offspring rats. The first 5 days constituted the training period, with the maze being circular and divided into four quadrants, and a small platform placed in one of the quadrants. The offspring rats entered the pool from fixed entry points in each quadrant, and the time taken to find the platform, i.e., the escape latency, was recorded. The mean value was calculated (capped at 60 s if it exceeded 60 s). On the 6th day, the platform was removed, and the offspring rats were once again placed in the pool from the fixed entry points in the four quadrants, and the number of times the offspring rats crossed the platform area within 60 s was recorded. The mean value was calculated.



2.2.3 Cortical damage in offspring rats

HE staining was used to observe changes in the quantity and shape of nerve cells in the cortical region of the rat brain, aiming to explore the pathological basis of cognitive function changes induced by Nd2O3 exposure in offspring rats.




2.3 Nd2O3-induced intestinal damage of offspring rats


2.3.1 Changes in the intestinal flora

Fecal DNA from experimental animals was extracted, and gene sequencing was performed on the 16S rRNA of offspring rats in the Nd2O3 exposed group and the non-Nd2O3 exposed group. PCR amplification and library construction of the target segments were conducted, followed by sequencing and bioinformatics analysis using the Greengenes database. The QIIME2 software was used with the classify-sklearn algorithm to annotate species using a pre-trained Naive Bayes classifier. Alpha diversity and beta diversity assessment of the abundance of the two groups were measured using various indices such as Chao1, Observed species, Shannon, Simpson, Faith’s PD, Pielou’s evenness, and Good’s coverage. Principal coordinate analysis (PCoA) was used to analyze beta diversity, and statistical tests like PERMANOVA, anosim, and permdisp were employed for validation, exploring the impact of Nd2O3 exposure on the diversity and abundance of intestinal flora. Random forest analysis with LDA and OPLS-DA was used to identify biomarkers. Community analysis was conducted using a Venn diagram to compare the members and shared ASV/OTU numbers among different groups.



2.3.2 Alterations in the intestinal mucosal barrier

Macroscopic observation included measuring intestinal length, surface color, and integrity changes, while histological observations with HE staining and AB-PAS staining focused on inflammatory cell infiltration, villi, and goblet cell alterations. AB-PAS staining colored goblet cells in the intestine, where the colors represented different substances secreted by the cells. The thickness of the mucous layer was measured at five locations on each slide and averaged. The study discussed the pathological changes in the offspring rat intestines due to Nd2O3 exposure.



2.3.3 Impact on SCFAs in the intestines

Fecal samples from experimental animals were analyzed using GC–MS to detect changes in acetic acid, propionic acid, butyric acid, valeric acid, isovaleric acid, and isobutyric acid. The study explored how changes in the intestinal flora due to Nd2O3 exposure affected microbial metabolism.




2.4 Nd2O3-induced the BGA damage

Detection of intestinal neurogenic markers: Using β-actin as an internal reference, RT-PCR was employed to determine the expression of major intestinal neurotransmitters Hrt3a and Hrt4, as well as intestinal peptide Sst (primer sequences are listed in Table 1). This exploration aims to provide a theoretical basis for understanding the imbalance of the BGA due to Nd2O3 exposure.



2.5 Statistical methods

Experimental data were expressed as mean ± standard deviation and analyzed using SPSS 25.0 statistical software. When the data followed a normal distribution, comparisons of means or one-way analysis of variance (ANOVA) were conducted. When the data did not follow a normal distribution, the Mann–Whitney U test was employed. A significance level of p < 0.05 was set to indicate statistical significance.




3 Results


3.1 Mechanism of neurological damage induced by Nd2O3 exposure


3.1.1 Detection of neodymium content in the brains of offspring rats

Neodymium content in the brains of offspring rats was measured using ICP-MS. By comparing with the control group, it was observed that as the concentration of parental Nd2O3 increased (0.5–2%), the Nd content in the brain tissues of the offspring rats significantly increased (p < 0.05). After intervention with Lactobacillus, the Nd content notably decreased (p < 0.05) (see Figure 1A). This indicates that parental rat exposure to Nd2O3 can lead to Nd accumulation in offspring rats, and Lactobacillus can reduce the accumulation of Nd in offspring.

[image: Bar graphs labeled A through D show various measurements across different treatments: Control, 0.5% NiO2, 1% NiO2, 2% NiO2, and 2% NiO2 plus NT. Graph A displays Nd content, peaking at 2% NiO2. Graph B shows the Evans Blue penetration rate, highest at 2% NiO2. Graphs C and D illustrate the relative expression of Occludin and ZO-1, respectively, with levels decreasing across treatments, reaching the lowest at 2% NiO2. Statistical significance is denoted by asterisks.]

FIGURE 1
 Detection of offspring rats exposed to different Nd concentrations in brain tissue and related factors. (A) Evans Blue permeability. (B) Bar graph of Nd concentration in brain tissue. (C) Occludin content. (D) ZO-1 content. *p < 0.05, **p < 0.01, ***p < 0.001.




3.1.2 Observing changes in blood–brain barrier permeability in offspring rats

Using the Evans Blue method, we found that the permeability of Evans Blue in offspring PND43 (n = 3) gradually increased with increasing concentrations of maternal Nd2O3 (p < 0.05). However, following Lactobacillus intervention (2% Nd2O3 + BTVT group), there was a significant decrease in Evans Blue permeability (p < 0.05) (see Figure 1B). This suggests that maternal exposure to Nd2O3 can increase blood–brain barrier permeability in offspring rats, while probiotics reduce its impact on blood–brain barrier permeability.



3.1.3 BBB related factors detection

Detecting the expression changes of TJs (Occludin, ZO-1) in offspring rat brain tissues. Among them, there was no significant difference in the content of Occludin between the control group and the 0.5% Nd2O3 group (p > 0.05). However, there were significant differences in the comparison between the other groups (p < 0.05). As the concentration of Nd2O3 increased, the content of Occludin decreased. After intervention with Lactobacillus, the content of Nd2O3 increased (p < 0.05) (see Figure 1C).

Comparing the content of ZO-1 among groups, except for the 2% Nd2O3 + BTVT group, which showed no significant difference compared to the control group (p > 0.05), there were significant differences in the remaining groups (p < 0.05). Moreover, as the concentration of Nd2O3 increased, the content of ZO-1 gradually decreased. After intervention with Lactobacillus, the content of ZO-1 in offspring rats treated with 2% Nd2O3 significantly increased (p < 0.01) (see Figure 1D).



3.1.4 BBB ultrastructural changes

Observation of BBB ultrastructure in 5 groups by transmission electron microscopy revealed that, compared to the negative control group, with the increase in Nd2O3 concentration (0.5–2%), the blood–brain barrier structure gradually became irregular. Some areas showed unclear basal membrane structure, local thinning, and rupture. Endothelial cells exhibited swelling, irregular nuclear morphology, significant increase in heterochromatin within the nucleus, swelling of some mitochondria in the cytoplasm, decreased electron density of the matrix with vacuolization, and fragmentation or disappearance of mitochondrial cristae. Tight junction structures were clear, cell membrane structures were blurry, lumens were narrowed, surfaces were not smooth, and partial demyelination was observed around blood vessels, indicating obvious demyelination. After addition of 2% Nd2O3 with probiotics, the blood–brain barrier structure within the field of view became regular, mitochondria in the cytoplasm appeared oval or short rod-shaped, the double-layer membrane structure was intact, and the ridge was vague. The cell membrane structure was intact, the surface was relatively smooth, the lumen was rounded, and compared to the pure 2% Nd2O3 group, the damage to the blood–brain barrier was significantly reduced (see Figure 2).

[image: Transmission electron microscopy images showing the effects of different concentrations of Nd₂O₃ and Nd₂O₃+BTVT on cellular structures. Labeled from A to E, each panel displays a magnified section highlighting cellular changes with arrows indicating specific features. Variations in cellular density and morphology are visible across the different treatments, with distinct differences in structure between the control and treated samples.]

FIGURE 2
 Ultrastructural observations of brain tissue under electron microscopy. (A) Control group. (B) 0.5% Nd2O3 group. (C) 1% Nd2O3 group. (D) 2% Nd2O3 group. (E) 2% Nd2O3 + BTVT group. Red arrows indicate: endothelial cell nucleus structure. Purple arrows indicate: basement membrane structure. Green arrows indicate: mitochondrial structure. Blue arrows indicate: tight junction structure. Yellow arrows indicate: cell membrane structure. Black arrows indicate: perivascular region. Pink arrows indicate: astrocyte. Orange arrows indicate: platelet.




3.1.5 Morris water maze experiment

In the spatial exploration experiment, as the days progressed, the number of times each group crossed the platform decreased. As the concentration of Nd2O3 increased, the offspring rats showed more and more the escape latency, while the number of crossings decreased after Lactobacillus intervention (p < 0.05) (see Figure 3A). With the increase of Nd2O3 concentration, the frequency of crossing numbers decreased, and the frequency of crossing platform increased after Lactobacillus intervention (p < 0.05) (see Figure 3B), indicating learning, memory and special function. With the increase in Nd2O3 concentration, the trajectories of the offspring rats’ location navigation became gradually more complex, the number of deviations increased, and the areas outside the target route gradually increased. However, after adding Lactobacillus intervention, the offspring rats only deviated from the course once, returned to the predetermined course, and successfully reached the target (see Figure 3C).

[image: Chart A shows a bar graph of escape latency over five days comparing control and various concentrations of Nd₂O₃, with reduced latency observed at higher concentrations. Chart B presents a bar graph of the number of crossings in 60 seconds, indicating significant decreases with increased Nd₂O₃ concentration. Section C displays five path tracking plots for the control, 0.5 percent, 1 percent, 2 percent Nd₂O₃, and 2 percent Nd₂O₃ with BTVT, illustrating varying movement behavior, with more centralized paths at higher concentrations.]

FIGURE 3
 Morris water maze experiment of each group of offspring rats. (A) Escape latency, (B) number of crossings, (C) trajectory of crossing. *p < 0.05, **p < 0.01, ***p < 0.001.




3.1.6 Brain tissue structure

Through observation of HE-stained brain tissue sections of the offspring rats, the control group’s brain tissue structure was basically normal. In the field of view, the neurons in the cerebral cortex were arranged regularly, abundant in number, with round nuclei, and a tight tissue structure. With the increase in Nd2O3 concentration, the tissue structure of the offspring rats gradually became abnormal. Within the field of view, the neurons in the cerebral cortex showed degeneration, deepened staining, and the cell bodies gradually became unclear (see Figure 4).

[image: Five microscopic images of liver tissue with varying treatments. Image A shows control tissue. Image B shows tissue with 0.5% Nd₂O₃. Image C shows 1% Nd₂O₃ with arrows pointing to changes. Image D illustrates 2% Nd₂O₃ with visible alterations. Image E displays 2% Nd₂O₃ and BTVT treatment, with arrows indicating differences. Each image displays cellular and structural changes.]

FIGURE 4
 HE staining of offspring rat brain tissues in each group (200×). (A) Control group, (B) 0.5%Nd2O3 group, (C) 1%Nd2O3 group, (D) 2%Nd2O3 group, (E) 2%Nd2O3 + BTVT group. Yellow arrows indicate the denatured neuron cells.





3.2 Mechanisms of intestinal damage induced by Nd2O3 exposure


3.2.1 Sequencing of the intestinal microbiota

Fecal DNA was separately extracted from offspring rats in the non-Nd2O3 exposure group (Control group, E1–E6) and Nd2O3 exposure group (Nd2O3 group, H1–H8). From the perspective of ASV/OTU numbers and Taxa numbers at various classification levels in each sample, columns representing genus and species levels were relatively long, while those representing phylum level were shorter, indicating a higher resolution of annotation included (see Figures 5A,B). After parental rats were exposed to Nd2O3, the content of orders Clostridiales, Lactobacillales, and Bacteroidales in the intestinal microbiota of offspring rats increased, while the content of orders Verrucomicrobiales and Enterobacteriales decreased (see Figure 5C). At the species level, Bacteroides, Escherichia, and Akkermansia decreased, while Lactobacillus, Prevotella, Parabacteroides, and Blautia increased (see Figures 5D–F).

[image: A set of six panels illustrating microbiome data. Panel A and B are bar charts showing taxonomic abundance across samples with various taxonomic levels indicated by different colors. Panel C is a stacked area chart depicting the distribution of top 20 orders across conditions. Panel D displays a bar chart highlighting relative abundance of top 10 genera in samples. Panel E shows a similar visualization with genera distribution across conditions. Panel F is a circular phylogenetic tree with branch colors indicating abundance, correlating with the taxonomic levels shown in the legend.]

FIGURE 5
 Bacterial flora resolution of offspring rats in control group and Nd2O3 group. (A) Bar graph of taxonomic annotation results, (B) Bar graph of the number of taxonomic units at each hierarchical level, (C) Bar graph of species composition at the order level for two groups, (D) Bar graph of species composition at the gene level for each sample, (E) Bar graph of species composition at the gene level for two groups, (F) Phylogenetic tree generated by GraPhlAn.


In terms of diversity, our study utilized multiple indices to evaluate the alpha diversity of offspring rats after Nd2O3 exposure from various dimensions. In this research, only Faith’s PD index showed statistical significance between the two groups (p < 0.05) (see Figure 6F), indicating differences in evolution-based alpha diversity between the two groups. However, the indices for Chao1, Simpson, Shannon, Pielou’s evenness, Observed species, and Good’s coverage showed no statistical significance (p > 0.05) (see Figures 6A–E,G), suggesting no significant differences in richness, evenness, and coverage between the two groups.

[image: Box plots comparing different diversity indices between Control and Nd₂O₃ groups in seven panels (A-G). Each panel represents a different index: Chao1, Simpson, Shannon, Pielou_e, Observed_species, Faith_pd, and Goods_coverage. The plots show variation and overlap in data distribution for each index, with p-values provided to indicate statistical significance between groups.]

FIGURE 6
 Alpha diversity of intestinal flora in offspring rats. (A) Comparison of Chao1 index between the control group and the Nd2O3 group, (B) Comparison of Simpson index between the control group and the Nd2O3 group, (C) Comparison of Shannon index between the control group and the Nd2O3 group, (D) Comparison of Pielou’s evenness index between the control group and the Nd2O3 group, (E) Comparison of Observed species index between the control group and the Nd2O3 group, (F) Comparison of Faith’s PD index between the control group and the Nd2O3 group, (G) Comparison of Good’s coverage index between the control group and the Nd2O3 group.


PCoA was employed to reduce the dimensionality of multidimensional microbiota data (see Figure 7A). Analysis of the distribution along the principal axis revealed significant differences in beta diversity between the two groups of samples (Control and Nd2O3 groups) (see Figure 7B). Through PCoA analysis of the multidimensional microbial data and subsequent validation using PERMANOVA, anosim, and permdisp., it was found that there were differences in beta diversity between the two groups (all three validation results showed p < 0.05) (see Figures 7C–H).

[image: Group of graphs analyzing two different groups. Panel A shows a Rank Abundance Curve comparing OTU ranks for Control and Na2O3 groups. Panel B presents a scatter plot with confidence ellipses representing group dispersion on two axes. Panels C to H are box plots comparing distances between groups across various metrics, with box plots labeled for Control and Na2O3. The colors differentiate the groups: blue for Control and orange for Na2O3.]

FIGURE 7
 Beta diversity of intestinal flora in offspring rats. (A) OTU rank abundance curve of two groups. (B) The distribution of two groups of samples on the sequential ordering axis. (C–H) Beta diversity results validation. (C,F) Pairwise anosim results, (D,G) pairwise permanova results, (E,H) pairwise permdisp results.


Using LDA and OPLS-DA for random forest analysis screening, ASV_349 was identified as the most important inter-group differentiating bacterial species (see Figures 8A,B). The sub network of Control and Nd2O3 groups shows the gene with the highest similarity between the two groups is Lactobacillus (see Figure 8C). The similarity of the two groups Community analysis using a Venn diagram revealed that the proportion of shared bacterial species between the two groups was 10.83% (467 species) (see Figure 8D). In terms of both the number and abundance values of ASV/OTU, Bacteroidetes and Firmicutes were the highest (see Figure 8E). In quantitative terms, the content of Lactobacillus was the highest in both groups, and the top five abundant species were Oscillosa, Bacteroides, Lactobacillus, Ruminococcus, and Parabacteroides (see Figure 8F).

[image: Grouped image showing: A) Heatmap with Z-scores for various ASVs and their importance. B) Two plots: scatter plot with labeled bacteria and PCA biplot showing groupings by control and Nd2O3. C) Network diagram displaying connections between bacteria. D) Venn diagram with overlap between control and Nd2O3 groups. E) Bar charts showing relative abundance by phylum and genus for control and Nd2O3. F) Bar charts of OTU occurrence frequency by phylum and genus.]

FIGURE 8
 Correlation between control and Nd2O3 groups. (A) Heatmap from random forest analysis of the top 100 important ASVs/OTUs/taxa. (B) OPLS-DA ellipse of control and Nd2O3 groups. (C) Subnetwork of control and Nd2O3 groups. (D) Venn plot of control and Nd2O3 groups. (E) Bar graph showing the number of ASVs/OTUs in different regions of the Venn diagram. (F) Bar graph showing the abundance of ASVs/OTUs in different regions of the Venn diagram.




3.2.2 Alterations of the intestinal mucosal barrier

After dissecting the offspring rats on PND 43d, observations were made regarding the length and surface color changes of the colon. Regardless of Nd2O3 intervention, there were no significant differences observed in the length or surface color of the colon. Upon selecting and fixing colonic segments for each group and staining with HE, it was found that with increasing Nd2O3 concentration, the colonic tissue structure gradually became abnormal, lymph nodes enlarged, crypt numbers decreased, and were accompanied by a small amount of inflammatory cell infiltration. However, the epithelial cells of the mucosal layer were closely arranged and not shed. Following intervention with Lactobacillus after Nd2O3 exposure, the colonic tissue structure of the offspring rats was essentially normal. The epithelial cells of the mucosal layer were closely arranged without shedding in the field of view, the crypt structure was intact and orderly, and there was no apparent infiltration of inflammatory cells in the tissue (see Figure 9). After AB-PAS staining, it was discovered that with increasing Nd2O3 concentration, the number of goblet cells in each group gradually decreased, showing a significant difference (p < 0.05). The number of goblet cells in the 2% Nd2O3 + BTVT group did not show a significant difference compared to the pure 2% Nd2O3 group (p > 0.05). In comparison to the control group, the thickness of the colonic mucus layer increased significantly in all groups exposed to Nd2O3 (p < 0.05), but there was no significant difference between the different Nd2O3-exposed groups (p > 0.05). The addition of Lactobacillus intervention resulted in a thinner colonic mucus layer compared to the Nd2O3-exposed group (p < 0.05), with no significant difference compared to the control group (p > 0.05) (see Figure 10).

[image: Histological sections display intestinal tissues under various conditions. The control shows normal tissue. Increasing concentrations of Nd2O3 reveal progressive structural changes, with notable tissue morphology alterations at 2% Nd2O3. Addition of BTVT with 2% Nd2O3 shows further differences. Each section highlights variations in tissue response and cellular organization.]

FIGURE 9
 PND 43d colon HE staining. (A) control group, (B): 0.5%Nd2O3 group, (C) 1%Nd2O3 group, (D) 2%Nd2O3 group, (E) 2%Nd2O3+ BTVT group. Blue arrow indicates: Increased submucosal space and mild edema. Yellow arrow indicates: Reduced number of crypts with inflammatory cell infiltration. Red arrow indicates: Cell necrosis, nucleus fragmentation and hyperpyretic staining.


[image: Microscopic images at magnifications of forty, two hundred, and four hundred times show intestinal tissue under various conditions: Control, 0.5% Nd2O3, 1% Nd2O3, 2% Nd2O3, and 2% Nd2O3 with BTVT. Each row displays a progressive zoom on the tissue, highlighting structural differences and cellular details across treatments. Staining variations reveal cellular morphology and density changes.]

FIGURE 10
 PND 43d Rat Colon AB-PAS Staining: As Nd2O3 concentration increases, the number of goblet cells (stained pink with AB-PAS) gradually decreases among the groups. Following intervention with probiotics, there is no significant change in the number of goblet cells in the colon of rats treated with 2% Nd2O3. Post-intervention with Nd2O3, offspring rat intestinal mucus thickens, which is attenuated with probiotic intervention, resulting in thinner mucus. (A) Control group, (B) 0.5% Nd2O3 group, (C) 1% Nd2O3 group, (D) 2% Nd2O3 group, (E) 2% Nd2O3 + BTVT group.




3.2.3 Affection of the SCFAs in the intestines

The feces of experimental animals were extracted, and GC–MS was used to detect changes in the content of acetic acid, propionic acid, butyric acid, valeric acid, isovaleric acid, and isobutyric acid in the feces. It was found that after Nd2O3 intervention, the acetic acid content decreased significantly (p < 0.01). There was no significant difference in acetic acid content with increasing Nd2O3 concentration (p > 0.05), and the addition of Lactobacillus increased the acetic acid content in the offspring rats exposed to Nd2O3 (p < 0.05) (see Figure 11A). After Nd2O3 intervention, the propionic acid content decreased (p < 0.01), and with increasing Nd2O3 concentration, the propionic acid content significantly decreased (p < 0.05). The addition of Lactobacillus increased the propionic acid content in the offspring rats exposed to Nd2O3 (p < 0.05) with no significant difference compared to the control group (p > 0.05) (see Figure 11B). After Nd2O3 intervention, the butyric acid content decreased (p < 0.05), and there was no significant difference in butyric acid content with increasing Nd2O3 concentration (p > 0.05). The addition of Lactobacillus increased the butyric acid content in the offspring rats exposed to 2% Nd2O3 (p < 0.05) with no significant difference compared to the control group (p > 0.05) (see Figure 11C). Compared to the control group, there was no significant difference in valeric acid content after intervention with 0.5% Nd2O3 (p > 0.05), while the valeric acid content increased after intervention with 1% Nd2O3 and 2% Nd2O3 (p < 0.05). There was no significant difference between the two, and the addition of Lactobacillus resulted in a decrease in valeric acid content in the offspring rats exposed to 2% Nd2O3, with no significant difference compared to the control group (see Figure 11D). There was no significant change in isovaleric acid content in the intestines of offspring rats after intervention with 0.5% Nd2O3 (p < 0.05). After intervention with 1% Nd2O3, the isovaleric acid content increased (p > 0.05), however, there was no significant change in isovaleric acid content compared to the control group after intervention with 2% Nd2O3 (p > 0.05). Additionally, the addition of Lactobacillus did not result in a significant difference in isovaleric acid content in the intestines of the offspring rats exposed to 2% Nd2O3 compared to the group exposed to 2% Nd2O3 without Lactobacillus intervention (p > 0.05) (see Figure 11E). There was no significant difference in isobutyric acid content in the intestines of the offspring rats after intervention with 0.5% Nd2O3 compared to the control group (p > 0.05). The isobutyric acid content decreased after intervention with 1% Nd2O3 and 2% Nd2O3 (p < 0.05), and the addition of Lactobacillus increased the isobutyric acid content in the offspring rats exposed to 2% Nd2O3 (p < 0.05), with no significant difference compared to the control group (p > 0.05) (see Figure 11F). There was no significant difference of total SCFAs content among the five groups (p > 0.05) (see Figure 11G).

[image: Violin plots (A-G) show levels of various acids: acetic (A), propionic (B), isobutyric (C), valeric (D), butyric (E), isovaleric (F), and SCFAs expressed as percentages of total SCFAs (G) across different treatments, including control. Statistically significant differences are annotated with asterisks, indicating varied concentrations under each condition.]

FIGURE 11
 Changes in SCFAs (short-chain fatty acids) in the intestines of offspring rats exposed to various concentrations of Nd2O3. (A) Acetic acid content, (B) propionic acid content, (C) butyric acid content, (D) valeric acid content, (E) isovaleric acid content, (F) isobutyric acid content, (G) total SCFAs content. *p < 0.05, **p < 0.01, ***p < 0.001.





3.3 The impact of Nd2O3 exposure on the BGA

Comparison of mRNA expression levels of Hrt3a, Hrt4, and Sst among different groups: The expression level of Hrt3a, except for no significant difference between the control group and the 0.5% Nd2O3 group (p > 0.05), showed significant differences in pairwise comparisons between the other groups (p < 0.05) (see Figure 12A). For the expression level of Hrt4, there was no significant difference between the control group and the 0.5% Nd2O3 group (p > 0.05). In pairwise comparisons, there were no significant differences between the 1% Nd2O3 group, 2% Nd2O3 group, and 2% Nd2O3 + BTVT group (p > 0.05), while significant differences were observed in pairwise comparisons between the remaining groups (p < 0.05) (see Figure 12B). As for the expression level of Sst, except for no significant difference between the 0.5% Nd2O3 group and the 2% Nd2O3 + BTVT group (p > 0.05), significant differences were observed in pairwise comparisons between the other groups (p < 0.05) (see Figure 12C). This indicates that the mechanism of BGA damage caused by Nd2O3 exposure is inversely correlated with the mRNA expression of intestinal neurotransmitters Hrt3a, Hrt4, and Sst, and the exposure of parental rats to Nd2O3 can promote the expression of Hrt3a and Sst in offspring rats after intervention with Lactobacillus.

[image: Bar graphs labeled A, B, and C show relative expression levels of Hr1α, Hr1β, and Sst, respectively. Each graph compares a control group with treatments of varying NaClO₃ concentrations and one combined with BHTVT. Significant decreases are marked with asterisks, with panel A showing a significant increase for 2% NaClO₃+BHTVT. Error bars indicate variation.]

FIGURE 12
 mRNA expression of intestinal neurotransmitters and neuropeptides in offspring rats following exposure to different concentrations of Nd2O3. (A) Expression of Hrt3a in offspring rats after exposure to different concentrations of Nd2O3. (B) Expression of Hrt4 in offspring rats after exposure to different concentrations of Nd2O3. (C) Expression of Sst in offspring rats after exposure to different concentrations of Nd2O3. *p < 0.05, **p < 0.01, ***p < 0.001.





4 Discussion


4.1 Nd2O3’s destruction of the BBB

Research has shown that increased BBB permeability is a critical threshold for toxic and harmful factors in the environment to enter the central nervous system and cause neurodevelopmental damage. For example, when pregnant and lactating rats drink water containing REEs, the brains of their offspring can exhibit rare earth accumulation that is several times higher than that of the control group (16). When male Sprague–Dawley rats were intravenously injected with 10 mg/kg body weight of neodymium chloride (NdCl3), dissection after 7 days revealed significant absorption and retention of neodymium in the rat brain, indicating that neodymium can cross the BBB, and the brain has an accumulative effect on neodymium (17). The above studies indicate that Nd can penetrate the BBB, thereby causing damage to the nervous system. Therefore, the brain serves as both a storage organ and a target organ for neodymium damage. Furthermore, our research has found that exposure of parental rats to Nd2O3 can reduce the content of TJs in the offspring rats, increase the BBB permeability in the offspring rats, leading to neodymium accumulation in the offspring rats, and this accumulation is positively correlated with the concentration of Nd2O3. However, after the intervention of probiotics, the content of TJs in the BBB of the offspring rats increased, the BBB permeability decreased, and likewise, the accumulation of neodymium in the offspring rats decreased. After staining the brain tissue of the offspring rats with HE, it was found that the inflammation of the brain tissue gradually intensified after parental Nd2O3 exposure, but the addition of probiotics reduced the inflammation in the brain tissue of the offspring rats. The above results indicate that exposure of parental rats to Nd2O3 can lead to reduced content of TJs in the offspring, increased BBB permeability, neodymium accumulation, occurrence of brain tissue inflammation, and thus affect the neurodevelopment of the offspring. However, probiotics can alleviate the aforementioned effects. The Morris water maze experiment revealed that exposure of parental rats to Nd2O3 can lead to reduced spatial orientation ability in the offspring rats. However, after parental rats were intervened with Nd2O3 with BTVT, there was no significant change in the spatial orientation ability of the offspring rats compared to the control group, indicating that the intervention of probiotics in parental rats can mitigate the effect of Nd2O3 on the spatial orientation ability of the offspring rats.



4.2 Destruction of the intestinal barrier by Nd2O3

The intestinal epithelial barrier consists of tightly connected basal layer cells and a dynamic mucus layer containing secretory IgA (sIgA) and antimicrobial peptides. The main function of the intestinal epithelial barrier is to regulate the absorption of nutrients, electrolytes, and water from the lumen into circulation, prevent pathogenic microorganisms and luminal toxins from entering, regulate molecular exchange between the environment and the host through the intestinal barrier, and affect the balance between tolerance to self and non-self antigens and immunity (18). The permeability of the intestinal barrier can be influenced by inflammatory mediators and activity of the sympathetic nervous system (19). Metabolites produced by gut microbiota in the intestine can interact with immune cells to influence host health, and these metabolites can significantly affect the integrity of the intestinal epithelial barrier and regulate the maintenance of intestinal homeostasis (20). Existing research shows that heavy metals promote oxidative stress, thereby altering the permeability of the intestinal barrier, leading to inflammation, and facilitating the absorption of heavy metals into the brain. Humans ingest various nutrients, vitamins, and active metals through contaminated food or water every day, and interventions to reduce toxic metals in the environment may reduce the inflammatory burden of the gut microbiota and the occurrence of potential neurological disorders (21). The global industrial influx of heavy metals into the environment is associated with brain pathology from environmental sources, suggesting that initial environmental exposures may interact with gut-related microbiota before reaching the brain. However, research on the damage to the intestinal epithelial barrier caused by low-dose, long-term exposure to rare earth elements is limited. In this study, as the concentration of parental Nd2O3 exposure increased, mucosal inflammation in the offspring’s intestines gradually worsened, and the number of goblet cells decreased. After parental rats were intervened with probiotics, no significant inflammation was observed in the offspring’s intestinal mucosa, but there was no significant change in the reduction of goblet cell numbers. Parental Nd2O3 exposure resulted in thickening of the mucous layer in the offspring’s intestines, which was reversed to thinner mucus with probiotic intervention. These results suggest that the intestine may also be one of the target organs damaged by parental Nd2O3 exposure, causing injury to the intestinal mucosa and affecting childhood intestinal development.



4.3 Relationship between Nd2O3 and the BGA

The human intestines harbor approximately 1013 to 1014 microbes, with the gut microbiome possessing over 150 times the total number of genes found in the human genome (9). It is widely acknowledged that there is bidirectional communication and interaction between the gut and the brain (22). The enteric nervous system and the central nervous system serve as crucial bidirectional regulatory channels. The intestinal wall contains numerous sensory neurons that can perceive changes in the intestinal environment, autonomously regulating metabolic and endocrine activities within the intestines in response to physicochemical alterations, a system referred to as the enteric nervous system or the “gut-brain axis,” also known as the “second brain” of the body (23).

The gut microbiome can influence the permeability of the blood–brain barrier (BBB) by regulating the expression of tight junction proteins (24). Short-chain fatty acids (SCFAs) act as the primary signaling molecules for host-microbe communication mediated by enteroendocrine cells and intestinal enterochromaffin cells, participating in various host processes such as gastrointestinal function, blood pressure regulation, circadian rhythms, neuroimmune function, enhancing intestinal epithelial integrity, increasing mucus production, regulating intestinal motility, and exerting anti-inflammatory effects (25). There is evidence suggesting that SCFAs may serve as crucial signaling metabolites, influencing the development and maintenance of the BBB through epigenetic modifications (13).

Research has reported that SCFAs, mainly acetate, propionate, and butyrate, play a protective role in maintaining BBB integrity within the BGA (26). This protective mechanism is mediated through G-protein-coupled receptor signaling, involving the inhibition of histone deacetylase activity, interference with the signaling pathways of transcription factors NF-κB and Nrf2. Bacterial metabolites, particularly SCFAs were shown to induce tryptophan hydroxylase 1 in enterochromaffin cells to release serotonin in the gut. Serotonin can stimulate the sympathetic nervous system to influence memory and learning process. Emerging data supports the fact that dysbiosis in gut microbiota during functional GI disorders disrupts the GBA and leads to mood disorders. Experimental evidences also suggested that probiotic can induce brain derived neurotrophic factors in the hippocampus and cerebral cortex and regulate cognitive functions as well as muscle repair, regeneration, and differentiation (27). Our study found that after parental rats were exposed to Nd2O3, the feces of their offspring exhibited decreased levels of acetate, propionate, and butyrate, while there was an increase in valerate and isovalerate. However, after treatment with probiotics, the levels of acetate and propionate in the offspring increased, demonstrating that Nd2O3 can disrupt BBB integrity and affect the BGA by modulating SCFAs. The mechanism of action for Nd2O3-induced BGA damage is inversely correlated with the mRNA expression of gut-derived neurotransmitters Hrt3a, Hrt4, and BG peptide Sst. Additionally, after intervention with probiotics, the parental rats exposed to Nd2O3 promoted the expression of Hrt3a and Sst in their offspring.



4.4 The prevention and repair of Nd2O3 damage by probiotics

Early life, including the prenatal period, is a particularly important developmental window for the central nervous system, with widespread synaptogenesis and myelination occurring. It is also an important period for the development of the intestinal microbiota, as the energy produced by microorganisms plays a crucial role in brain development. During this period, exposure to different microorganisms, diets, stressors, antibiotics, and other factors not only affects communication within the developing central nervous system but also influences the structure and function of the microbiota. Through these mechanisms, various influences during early life events play a key role in programming the gut microbiota and the brain, and may be implicated in the etiology of several neurodevelopmental disorders (28).

The diversity of the gut symbiotic microbiota plays an important regulatory role in infant neurodevelopment. Research has shown that bacterial metabolic products (bacterial peptidoglycans) in the mother’s body can affect fetal neurodevelopment and cognitive function through the placenta (29), and may also disrupt the integrity of the blood–brain barrier (BBB) (23). This could lead to the infiltration of inflammatory factors and the pro-inflammatory effects of microbial-derived metabolites (such as phenylalanine or isoleucine), affecting the occurrence of diseases in offspring such as psychological, behavioral, cognitive, emotional, and neurological disorders (30).

For example, Ganal-Vonarburg et al. (31), researchers have confirmed that the mother’s gut microbiota plays a crucial role in promoting infant development and maintaining their normal physiological activities. The mother’s diet and stress exposure during pregnancy can affect the composition and function of the infant’s gut microbiota. The infant’s gut microbiota is relatively unstable in the early stages, gradually gaining stability and diversity during the growth process. Most of the infant’s gut microbiota is colonized at birth, with the mode of delivery, breastfeeding, premature birth, environment, host genetics, antibiotic exposure, infection status, and stress exposure all influencing the complex microbiota that the infant is exposed to the environment (32).

A study of 89 infants found that the composition of the gut microbiota at 1 year of age was related to cognitive performance 1 year later, further emphasizing the importance of this early period in the interaction between the gut microbiota and brain development (33).

In our study, we found that the levels of Escherichia coli, Akkermansia, and Bacteroides decreased, while Lactobacillus, Prevotella, Parabacteroides, and Blautia increased in the feces of offspring rats through 16S RNA gene detection. Among them, the increase in Lactobacillus was the most significant. Using random forest analysis with LDA and OPLS-DA, ASV_349 was identified as the most important inter-group differentiating bacteria. Community analysis using a Venn diagram showed that the proportion of intersecting bacteria between the two groups was 10.83% (467 species). The content of Lactobacillus was the highest among the ASV/OTU in both groups.

After intervening with the parent rats exposed to 2% Nd2O3 by adding Lactobacillus, we found significant recovery of inflammation in both brain and colon tissues, and a decrease in BBB permeability. This indicates that Lactobacillus has a dual repair effect on the damage to brain and colon tissues caused by Nd2O3 in the BGA. The specific mechanism of this action will provide direction for further research.




5 Conclusion

Our research showed that parental exposure to Nd2O3 during pregnancy can affect the offspring’s BGA, targeting the brain and colon tissues, leading to increased BBB permeability in offspring and affecting their neurodevelopment. It also causes damage to the intestinal mucosa, impacting children’s intestinal development. However, Lactobacillus can alleviate the aforementioned effects. These findings will provide valuable insights for understanding the neurodevelopmental and intestinal developmental toxicity of Nd2O3 and related damage, and call for a comprehensive assessment of the health risks for susceptible populations (such as pregnant women) exposed to Nd2O3.
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Background: The postnatal period is a critical period for both mothers and their newborns for their health. Lack of early postnatal care (PNC) services during a 2-day period is a life-threatening situation for both the mother and the babies. However, no data have been examined for PNCs in East Africa. Hence, using the more flexible Bayesian multilevel modeling approach, this study aims to investigate the pooled prevalence and potential factors for PNC utilization among women after delivery in East African countries.
Methods: We retrieved secondary data from the Kids Record (KR) demographic and health surveys (DHS) data from 2015 to 2022 from 10 East African countries. A total of 77,052 weighted women were included in the study. We used R 4.3.2 software for analysis. We fitted Bayesian multilevel logistic regression models. Techniques such as Rhat, effective sample size, density, time series, autocorrelation plots, widely applicable information criterion (WAIC), deviance information criterion (DIC), and Markov Chain Monte-Carlo (MCMC) simulation were used to estimate the model parameters using Hamiltonian Monte-Carlo (HMC) and its extensions, No-U-Turn Sampler (NUTS) techniques. An adjusted odds ratio (AOR) with a 95% credible interval (CrI) in the multivariable model to select variables that have a significant association with PNC was used.
Results: The overall pooled prevalence of PNC within 48 hrs. of delivery was about 52% (95% CrI: 39, 66). A higher rate of PNC usage was observed among women aged 25–34 years (AOR = 1.21; 95% CrI: 1.15, 1.27) and 35–49-years (AOR = 1.61; 95% CrI: 1.5, 1.72) as compared to women aged 15–24 years; similarly, women who had achieved primary education (AOR = 1.96; 95% CrI: 1.88, 2.05) and secondary/higher education (AOR = 3.19; 95% CrI: 3.03, 3.36) as compared to uneducated women; divorced or widowed women (AOR = 0.83; 95% CrI: 0.77, 0.89); women who had currently working status (AOR = 0.9; 95% CrI: 0.87, 0.93); poorer women (AOR = 0.88; 95% CrI: 0.84, 0.92), middle-class women (AOR = 0.83; 95% CrI: 0.79, 0.87), richer women (AOR = 0.77; 95% CrI: 0.73, 0.81), and richest women (AOR = 0.59; 95% CrI: 0.55, 0.63) as compared to the poorest women; women who had media exposure (AOR = 1.32; 95% CrI: 1.27, 1.36), were having 3–5 children (AOR = 0.89; 95% CrI: 0.84, 0.94), had >5 children (AOR = 0.69; 95% CrI: 0.64, 0.75), had first birth at age < 20 years (AOR = 0.82; 95% CrI: 0.79, 0.84), had at least one ANC visit (AOR = 1.93; 95% CrI: 1.8, 2.08), delivered at health facilities (AOR = 2.57; 95% CrI: 2.46, 2.68), had average birth size (AOR = 0.94; 95% CrI: 0.91, 0.98) and small birth size child (AOR = 0.88; 95% CrI: 0.84, 0.92), had twin newborns (AOR = 1.15; 95% CrI: 1.02, 1.3), and fourth and above birth order (AOR = 0.88; 95% CrI: 0.82, 0.95) were individual-driven women who have been independently associated with PNC, respectively. Regarding community-level variables, rural women (AOR = 0.76; 95% CrI: 0.72, 0.79), high media exposure communities (AOR = 1.1; 95% CrI: 1.04, 1.18), communities with high wealth levels (AOR = 0.88 95% CrI: 0.83, 0.94), communities with high antenatal care (ANC) utilization (AOR = 1.13, 95% CrI: 1.07, 1.19), and long distance to health facilities (AOR = 1.5; 95% CrI: 1.38, 1.63) were among the community factors associated with PNC, respectively.
Conclusion: One of the significant public health priorities in East Africa continues to be the underutilization of immediate PNC. The government ought to prioritize improving maternity and child health services, collaborating with interested parties in the area, reducing health disparities, educating mothers about child health, and other connected issues that are very beneficial.

Keywords
 Bayesian hierarchical model; East Africa; factors; newborns; postnatal care; women


Introduction

According to the various wide range of reports, the damage caused by the world’s health system—especially to the health of mothers and children—continues to be very serious. To achieve Sustainable Development Goal 3 (SDG 3), that is, ensuring healthy lives and promoting wellbeing at all ages, efforts on the mother’s health during pregnancy, childbirth, and the postpartum period are the main agenda (1). The WHO, and United Nations Children’s’ Fund (UNICEF) advise that women who give birth in medical facilities should have their babies and themselves examined for any health-related challenges within 24 h, considering a date to bring them back for additional postnatal care (PNC) even when everything seems to be going well (2, 3). Furthermore, women should be counseled to return back immediately if they notice any warning signs (4). The initial PNC contact should also be held as soon as practicable, ideally within 24 h of the birth, if the delivery occurs at home. Ultimately, it is advocated that all mothers and newborns receive a minimum of three more postnatal examinations: on day 3 (48–72 h), within days 7–14 immediately after delivery, and 6 weeks later (5–7). Globally, although the number of maternal and infant deaths is decreasing, developing countries, especially, sub–Saharan African (SSA) countries, have a significant share in the failure of the sustainable development goal to reduce 70 maternal deaths per 100,000 live births and 12 neonatal deaths per 1,000 live births by 2030 (8, 9). Since the year 2017, pieces of evidence show that globally, 66% of maternal deaths occur in SSA only (10–12), and the issue is more massive and awful. Inaccessibility to healthcare and inadequate use of postnatal care (PNC) contribute to 99% of maternal mortality in low- and middle-income countries (LMICs), including SSA. These issues are particularly concerning because the majority of the deliveries in these regions occur at home, leading to tragic outcomes that affect public health significantly (9, 12, 13). In comparison to the 230 fatalities per 100,000 live births that occurred in LMICs, the maternal mortality ratio similarly remained unacceptably high at 433 (14, 15). All these gaps could be eliminated by integrating maternal child health service care at a high range (16). Therefore, if women can receive the early postnatal care check-up suggested by the WHO, it could significantly reduce the risk of complications and maternal mortality (6, 17). The SSA countries can avoid greater maternal morbidity and related mortality, which could also help the countries achieve SDG 3.

There are significant gaps in understanding early PNC in East Africa. Key issues include outdated knowledge, lack of region-specific studies, insufficient detail on influencing factors, limited use of advanced statistical methods, and large sample sizes. Addressing these gaps with current, localized, and methodologically robust research is crucial for improving PNC outcomes in the region. Although studies were not conducted under large study settings, numerous studies have found links between the continuum of care and factors such as socioeconomic status, family and individual characteristics, community features, characteristics of the newborn, and interactions with the healthcare system (18, 19). For instance, the age of the mother (20, 21), her marital status (22), her education level (20, 21, 23), occupation (23), the order in which her children were born (20), her access to media (18, 21), residence, health insurance, family number, her ability to make decisions, and her wealth index (19, 21, 24) were found to be the determinants of the continuum of maternal and child care.

Therefore, this study aimed to ascertain the number of reproductive-age women who received each of the chosen functions of the PNC during the first 2 days after birth, as well as its predictors of the number of last live births in the 2 years prior to the survey by applying more advanced and flexible modeling approach to the data. As the Bayesian multilevel approach incorporates prior information, allows for more model flexibility, and is a natural approach to expressing uncertainty, this study benefits the East African countries by identifying key factors—both individual and community-level factors—that influence postnatal care use in the region. It is crucial to enhance PNC and lower rates of child morbidity and mortality. Although studies have not been performed to clarify the elements that support or obstruct PNC at the national level, East African countries continue to be one of the leading causes of mother and infant mortality worldwide (25). The results of this study will provide preliminary information for the upcoming researchers in the area, and policymakers and other stakeholders working on issues related to both women’s and children’s health with an up-to-date multicounty result from which they can build, enhance, and implement their plans.



Materials and methods


Study setting and period

For a cross-sectional study design conducted nationwide, data were gathered in East African countries for the period from 2015 to 2022. The study encompassed communities from 10 countries: Burundi, Ethiopia, Kenya, Madagascar, Malawi, Rwanda, Uganda, Tanzania, Zambia, and Zimbabwe. The demographic and health surveys (DHS) Program, funded by the United States Agency for International Development (USAID), provided both financial support and technical assistance for population and health surveys conducted globally. The most recent DHSs dataset encompassing the last 7-year period (2015–2022) in East African nations served as this study’s primary source of information. A standardized dataset was employed (26) to collect a sizable sample size that is representative of the population source and all factors. DHSs gather comparable data on a global scale. The surveys have huge sample sizes, are population-based, and are nationally representative of each nation (26). The 14 nations that make up Eastern Africa are spread throughout the Horn of Africa, the Indian Ocean islands, and the Great Lakes region. These nations struggle with comparable economic, social, and environmental problems and worry that they would not achieve all of the sustainable development objectives (27) East Africa refers to the region of the African continent situated in the Horn and Eastern regions of the Sahara Desert. It is estimated that approximately 486,766,759 individuals inhabit this region, and it spans an area of 6,667,493 km2 (2,574,332 sq. mi), constituting around 6.03% of the global population.



Sample size determination and sampling methods

In every country, the DHSs followed the stratified multistage sampling method, which involves stratification, clustering, and sample selection over two stages. Urban and rural areas were grouped into separate clusters to form the basis for stratification. The administered questionnaire was responded to by women who consented and agreed to participate in the study. Enumeration areas (EAs) inside each sampling stratum were initially chosen with a probability proportional to their size. The households were carefully sampled in the second step. Each of the chosen clusters underwent a household listing operation (28). Demographic and health survey reports were accessible for approximately 10 out of the 13 East African nations. Periodically, every 5 years, a systematic gathering of DHSs surveys is carried out in low- and middle-income countries, utilizing pretested, validated, and structured questionnaires. Using a standardized approach for sampling, questionnaires, data collection, and coding across DHSs surveys enables the possibility of conducting multicountry analyses. In each of the surveys conducted in the specified nations, the most recent conventional census frame was utilized.

The DHSs’ samples are often divided into urban and rural areas within each administrative geographic region. The DHSs employ a stratified two-stage cluster sampling technique. In the first stage, clusters and enumeration areas (EAs) are randomly selected from the sample frame, typically derived from the most recent national census available. Subsequently, systematic sampling is utilized in the second stage to select households within each cluster or EA. During the initial sampling round, EAs are chosen with a probability proportional to the size of each stratum. A predetermined number of households is systematically selected within designated EAs in the second stage. Following the listing of households, equal probability systematic sampling is employed to select a specific number of households within the defined cluster (26).



Data source and study population

For this study, we utilized DHSs that were conducted over the span of the last 7 years, from 2015 to 2022. Among the approximately 14 countries in East Africa that carried out DHSs during this period, only approximately 10 countries’ surveys contained the necessary information on the outcome variable. Thus, they were included in our analysis. After appending the data from each country, the final analysis included a total weighted sample of 78,213 women and a total unweighted sample of 78,536 women (refer to Table 1). The source population consisted of mothers who had given birth 2 years prior to the survey. Therefore, only mothers who met this criterion were included in the analysis. To account for any unequal sample distributions during the data collection process, weightings were applied to the children’s samples during the estimation process. This adjustment ensured that the results were representative and accurately reflected the studied population.



TABLE 1 List of countries, survey years, and sample size distribution for PNC uptake in East African countries from 2015–2022.
[image: Table showing survey data for various countries, highlighting the survey year, unweighted and weighted sample sizes, and weighted percentages. The countries include Burundi, Ethiopia, Kenya, Madagascar, Malawi, Rwanda, Tanzania, Uganda, Zambia, and Zimbabwe. Total unweighted and weighted sample sizes are 78,536 and 78,213, respectively, with a total weighted percentage of 100.]



Data quality control

To ensure data quality in each country, the DHSs implemented several measures. These included providing comprehensive training to data collectors, supervisors, and field editors, as well as conducting ongoing supervision to maintain high standards. Standardized questionnaires were used, which were translated into national and local languages to accommodate participants’ preferred languages. Data processing specialists were involved in the data entry and management phase, ensuring accurate and efficient handling of the collected data. Systematic biases were carefully addressed during this phase to minimize their impact on the results. Once the data were obtained from the DHSs, proper data management procedures were followed. This involved appending women’s and men’s data, addressing missing observations through appropriate techniques such as missing completely at random, and conducting necessary recoding and variable recategorization. These rigorous data management practices were consistently implemented across all countries with similar working systems, ensuring a standardized and reliable approach to data handling and analysis. The DHSs guidance provides additional details regarding the data-collection process. Details can be accessed from the Guide to DHSs statistics (26).



Variables of the study


Dependent variable

The study’s outcome variable is early postnatal care (PNC) within the first 2 days of delivery. To calculate the desired measure of PNC for newborns within the first 2 days after birth, along with the associated variables, the under-five datasets (KR files) from DHSs data of 10 East African countries were utilized as the data source for this analysis. The factors considered for computation included cord examination (m78a), temperature measurement (m78b), counseling on danger symptoms (m78c), breastfeeding counseling (m78d), and nursing observation (m78e) (29). All of these were summed up, and if a newborn did not receive a postnatal check within 2 days of birth, it was recorded as “No (0).” Conversely, if a newborn did receive a postnatal check within 2 days, it was recorded as “Yes (1)“.



Independent variables

Both individual and community-level factors that have been identified by earlier researchers and scientific backgrounds as potential factors of PNC checkups were included in this study (Table 2).



TABLE 2 Shows independent variable categorizations among women in East Africa countries, 2015–2022.
[image: Table listing individual and community level variables with their descriptions. Individual variables include age, education, working status, marital status, wealth index, media exposure, number of children, place of delivery, ANC visits, perception of health facility distance, birth weight, child's sex, twins, and birth order. Community variables include residence, women's education, wealth level, media exposure, ANC utilization, and distance to health facility. Descriptions categorize these variables into groups such as age ranges, education levels, and wealth tiers.]



Data management and analysis process

We conducted a secondary study using the Kids Records (KR) dataset, which involved analyzing the data from the DHSs. To carry out the analysis, we utilized R 4.3.2 software (68, 69) and Microsoft Excel version 19 for tasks such as data downloading, appending, cleaning, recoding, and handling missing values. In the DHSs’ data, infants were nested within clusters, and neonates within the same cluster showed more remarkable similarity than those in different clusters. This violated the assumptions of independence of observations and equal variance across clusters in the classical logistic regression model. Therefore, a more sophisticated modeling approach was required to account for between-cluster factors. We constructed a Bayesian multilevel random logistic regression model to investigate the relationship between individual- and community-level variables and the risk of not receiving immediate PNC within 2 days of birth. In total, four models were developed. The first model, known as the empty or null model, was fitted without any explanatory variables. This model helped reduce community differences and served as a baseline for understanding community variances. It also assisted in determining whether a multilevel statistical framework should be used instead of a standard logistic regression model. The null model was evaluated using various measures, including the log–likelihood ratio (LLR), median odds ratio (MOR), intraclass correlation coefficient (ICC), proportional change of variance (PCV), and the widely applicable information criterion (WAIC). The second model included only individual or household-level characteristics, while the third included only community-level factors without individual-level factors. Finally, the fourth and final model included components from both the individual and community levels. These models were constructed to assess the impact of individual and community factors on mothers’ behavior regarding immediate PNC. Then, we conducted a Bayesian meta-analysis to compute the pooled prevalence and construct the forest plot (30). Subsequently, a two-level Bayesian logistic regression was employed to identify the determinants of PNC.



Bayesian mixed model and convergence of algorithm

To identify the factors influencing early PNC uptake, we utilized multilevel mixed-effects logistic regression analysis employing the Bayesian approach. The Bayesian approach to credible intervals serves a similar purpose to classical confidence intervals (CIs); however, their composition and interpretation philosophies differ significantly (31). The Bayesian statistical approach offers the ability to incorporate additional prior information external to the data through prior distributions. By leveraging this additional prior information, the accuracy and credibility of effect size estimations can be improved. Consequently, applying the classical confidence interval interpretation is inappropriate, as the Bayesian statistical approach provides a more reasonable alternative. The Bayesian credible interval interpretation is more intuitive in this context, while frequentist confidence intervals are often misinterpreted as Bayesian credible intervals.

We used the random variable EAs to account for the variation of early postnatal care (PNC) utilization across different EAs within the country. An ICC value >5% was used as a threshold to consider the variation across EAs. Since the outcome variable was dichotomized (no/yes), children within households were treated as level-1 unit, while EAs were considered as level-2 units. This hierarchical structure resulted in children being nested within EAs. We employed a Bayesian multilevel logistic regression model to address the hierarchical nature of the data and account for the dependency of observations within the same cluster. This approach allowed us to obtain accurate and credible estimates of effect sizes, considering the clustering of children within EAs and the potential impact of the EA on the outcome variable.

Hence, the dependent variable was represented by:

[image: \( Y_{ij} = \left\{ \begin{array}{ll} 1, & \text{if the ith woman in the jth EA received early PNC} \\ 0, & \text{if the ith woman in the jth EA have not received early PNC} \end{array} \right. \)]

The likelihood function

The key ingredients to a Bayesian analysis are the likelihood function, which reflects information about the parameters contained in the data, and the prior distribution, which quantifies what is known about the parameters before observing data. The prior distribution and likelihood can be easily combined to form the posterior distribution, which represents total knowledge about the parameters after the data have been observed. Bayesian multilevel logistic analysis specifies a dichotomous dependent variable as a function of a set of explanatory variables (32, 33).

Likelihood contribution from the [image: The image shows the lowercase letters "ith" in a serif font.] subject in the [image: The image shows the lowercase letters "jth" in a serif font.] group is Bernoulli:

[image: Mathematical equation representing a likelihood function: script L of theta sub i equals theta sub i to the power of y sub i times one minus theta sub i to the power of one minus y sub i.]

where [image: Lowercase Greek letter theta subscript i.] represents the probability of the event for subject i in group j that has a covariate vector [image: Lowercase "x" followed by subscript lowercase "i".] and [image: Lowercase letter "y" with subscript "i".] indicates the presence ([image: The mathematical expression "y sub i equals 1".]) or absence ([image: The equation reads \( y_i = 0 \).]) of the event for that subject. In multilevel logistic regression, we know that

[image: Equation showing θ sub i equals the inverse logit of beta sub zero plus beta one times x sub i one plus beta two times x sub i two, and so on, plus u sub zero j plus gamma zero plus gamma one times x sub i one plus gamma two times x sub i two, and so on, plus v sub zero j.]

where [image: Mathematical expression representing a linear regression equation: beta sub zero plus beta sub one times x sub i one plus beta sub two times x sub i two plus ellipsis plus beta sub k times x sub i j k.] is a fixed part of the model and [image: The image shows the mathematical notation "u subscript zero j".] is a random part of the model and[image: The equation shows that \( u_{0j} \) is distributed as a normal distribution with a mean of 0 and a variance of \( \sigma_u^2 \).]. [image: Greek letter theta with a subscript i.] is the probability of the [image: The text "ith" is displayed in italics.] child in the [image: The text "jth" in a serif font style.] the group having PNC uptake so that the likelihood contribution to the [image: The image shows the mathematical notation "i" in italic font, followed by "th" in superscript, representing the ordinal indicator "i-th".] subject in the [image: Text displaying the letters "jth" in a serif font.]group is

[image: Equation showing the likelihood function \( L(\theta_i | x_i, \sigma^2_u) \) involving logistic regression terms. The inner expressions contain exponential functions with variables \(\beta_0, \beta_1, \beta_2, \gamma_0, \gamma_1, \gamma_2, u_{0j}, v_{0j}, u_{ij}, v_{ij}\) and \(x_{i1}, x_{i2}\). Expressions are raised to the power of \(y_i\) and \(1-y_i\).]

Since individual subjects in the group are assumed to be independent of each other, the likelihood function over a dataset of [image: Lowercase italic letter "n" in a serif font.] subjects in the [image: Text displaying the letters "jth" in a plain font.] group is then

[image: A complex mathematical expression depicting a likelihood function for a statistical model. It shows a product of exponential and logistic functions with parameters β, γ, and others. The expression is organized with fractions and exponents detailing sums of terms like β0, β1, and γ0, among others. Indexes i and j are used, with a series of terms within inner and outer brackets.]

Prior distribution

For a flat normal prior, we will assume a normal distribution for the coefficients[image: Lowercase beta symbol followed by a subscript lowercase k.] and [image: Mathematical expression with capital U, subscript zero j.] with mean [image: A stylized black number zero on a white background.] and variance[image: Greek letter sigma squared, representing variance in statistics.].

Let us denote the prior distribution for the parameters as follows:

[image: The formula shows that P(beta sub k) is distributed as Normal with a mean of 0 and variance sigma squared.]

[image: Probability notation showing \( P(U_{0j}) \sim \text{Half Cauchy}(0, \sigma^2) \), indicating that the distribution of \( U_{0j} \) follows a Half Cauchy distribution with parameters zero and \(\sigma^2\).]

Posterior distribution

The full conditional distribution for parameter [image: Greek letter beta subscript zero, often used in equations and statistical models.] is given by (34):

[image: The formula describes a probability function involving β_k, δ^2, u_0j, and y_ij. It involves a product over j, with terms for π_ij raised to the power of y_ij and (1 - π_ij) raised to the power of (1 - y_ij). The expression includes an exponentiated β_k and u_0j divided by one plus e raised to the same power, related to logistic regression.]

For parameter[image: The mathematical expression delta squared subscript u naught.], the full conditional distribution is (34):

[image: Mathematical expression for probability: \( P(\delta^2_{u0}, \beta_k | Y_{ij}) \propto \prod_j (\pi_{ij})^{Y_{ij}} (1 - \pi_{ij})^{1-Y_{ij}} \times \text{inverse gamma}(n/2 + n(\alpha - 1), n\beta) \).]

[image: Probability equation describing a conditional probability involving multiple parameters: delta squared u-sub-zero, beta-sub-k, and Y-sub-ij. Includes products of pi-sub-ij, gamma distribution term beta to the alpha over gamma of alpha, and an exponential decay factor involving x raised to negative alpha minus one, times e, raised to negative beta over x, for x greater than zero.]

where [image: Lowercase italic letter "n".] is the total number of observations.

To estimate the parameters of the variable and the extent of random variations between clusters, we used the Brms-R package (70–72). It uses Hamiltonian Monte-Carlo (HMC) and its extensions No-U-Turn Sampler (NUTS) that uses a recursive algorithm to build a set of likely candidate points that spans a wide swath of the target distribution, stopping automatically when it starts to double back and retrace its steps. These features allow it to converge to high-dimensional target distributions much more quickly than simpler methods, such as the random walk Metropolis or Gibbs sampler (35). Currently, in a multilevel framework, Brms provides an intuitive, powerful, and flexible formula syntax that extends the well-known formula syntax of lme4, especially when modeling categorical and ordinal data (36). Hence, we employed this package to fit multilevel logistic regression models based on the Bayesian approach.

The regression coefficients for each parameter and variance were estimated using a flat prior with a normal distribution (0, 1,000) and a half-Cauchy distribution (0, 25), respectively. In addition, we employed iteration = 4,000, warm-up (number of discarded iterations) = 2,000, cores = 2 (specifying the number of cores used for the algorithm), chains = 2, adapt delta (controlling divergent transitions) = 0.95, and initials (starting values for the iterations) = 0 to estimate the posterior distribution.

For the multilevel binary logistic regression analysis, four models were developed. These models included an empty model, which had no independent variables and served to assess the extent of cluster variation in early PNC utilization. Additionally, there were models with individual-level variables, community-level variables, and a full model incorporating both types of variables. The widely applicable information criterion (WAIC) was utilized to identify the best-fitting model,. This criterion is preferred over the commonly used deviance information criterion (DIC) for model selection (37, 38). A model with the lowest WAIC was the best fitted model. The results obtained from a given HMC analysis are not believed to be reliable until the chain has reached its stationary distribution and converged much more quickly (39, 40). Hence, to assess the convergence diagnostics criteria, we employed the following indicators: (37, 73, 74) Rhat = 1, effective sample sizes (both Bulk_ESS and Tail_ESS) exceeding 1,000. Additionally, we examined the time series plots to ensure well-mixed chains, observed smooth density plots, and verified that the autocorrelation plots showed minimal correlation with zero for the majority of parameters (Supplementary Figures S1–S3).




Measure of variations between levels

To estimate the EA effects on early PNC uptake outcome and to quantify the variation in the early PNC uptake outcome between EAs (i.e., clusters), we applied the variance partition coefficient (VPC) and the median odds ratio (MOR), respectively.

Intra-class correlation (ICC): The VPC measures the proportion of the total observed individual variation in the outcome that is explained by the between cluster variation. The VPC requires an estimate of the variance at the individual level (level 1), and for the standard logistic distribution, this variance is equal to [image: The mathematical expression shows two divided by three, with a not equal to sign in front of the two.] (41). Therefore, in the multilevel logistic regression models M1 and M2 with a logit link, the PCV or ICC is approximated by [image: Mathematical formula for the intraclass correlation coefficient (ICC): ICC equals sigma squared mu divided by sigma squared mu plus pi squared over three.]

where σ2μ is the variance of the random parameter at the cluster level representing the amount of unobserved heterogeneity between clusters; and [image: A mathematical expression with two-thirds symbol, where the two in the numerator has a not equal sign in front of it, indicating "two does not equal over three."]is a parameter representing the amount of unobserved heterogeneity between women (individual-level variance).

Median Odds Ratio (MRR): The MOR measures how much variability in the early PNC uptake exists between EAs (i.e., clusters) by comparing two persons from two randomly chosen, different EAs (42). Consider two persons chosen randomly from two different EAs but with the same values of covariates in the model. The MOR is the median odds ratio between the person at EA with a higher probability of receiving early PNC services and the person at Survey EA with a lower probability of receiving early PNC services. It is a function of the estimated EAs, that is, cluster, variance [image: The image shows the mathematical expression sigma squared mu (σ²μ).] and is given by

[image: Mathematical equation displaying MOR equals the exponential of the square root of twice sigma squared, multiplied by the inverse function of three-fourths.]

where σ2 is the variance of each model, and ƒ−1 is the inverse of the standard normal cumulative distribution function [image: Mathematical expression showing the inverse function of f at the value zero point seven five, written as f inverse of zero point seven five.]is the 75th percentile, and [image: Mathematical expression showing the exponential function notation: "exp" followed by a dot in parentheses.]is the exponential function (42, 43).

Proportional change in variance (PCV) was calculated as [image: The formula for PCV is displayed as follows: PCV equals the fraction of \( (V_0 - V_x) \times 100 \) over \( V_0 \).], where V0 is the variance of the null model, and Vx is the variance of each model at each level with variables (41).



Operational definitions for community-level factors


Community women education

This metric reflects the collective value of women’s educational attainment, which is determined based on the median distribution of educational levels within the neighborhood. If the proportion of women in the community with at least a secondary education fell below the median, it was considered low, while if it exceeded the median, it was considered high. On average, the median proportion was 0.50.



Community media exposure

This variable was created based on individual responses regarding exposure to radio or television media. If the proportion of women in the community who reported media exposure was between 0 and 48%, it was classified as low. Conversely, if the proportion ranged from 49 to 100%, it was considered high.



Community ANC utilization rate

This variable is derived from individual data on antenatal care (ANC) utilization. If the proportion of women in the community who attended at least one ANC visit fell between 0 and 50%, it was classified as low. The median value for this proportion was 0.51.



Community perception distance to health facility

This community-level variable was constructed based on individual responses regarding the major challenge in accessing health facilities, specifically related to the distance to the nearest facility. If the proportion of women in the community who perceived distance as a significant problem to visit health facilities ranged from 0 to 14%, it was categorized as a low problem. The median value for this proportion was 0.15.



Community wealth

The procedure employed to obtain this variable was similar to that used for the household’s wealth index. If the proportion of women in a community belonging to the two lowest wealth quintiles ranged from 50 to 100%, it was classified as high. Conversely, if the proportion fell between 0 and 49%, it was considered low.





Results


Sociodemographic characteristics of the study participants

In this analysis, a total of 78,213 weighted numbers of mothers were included. Out of the total mothers interviewed 44.7% of them were between 25 and 34 years of age. Close to 49% of the women had primary education, while 29% had secondary and above education. The majority (64%) of mothers were employed, and 67% were married. In addition, 45.67% of the participants were poor, and about 57% had media exposure. Nearly 93% of the women had ANC visits during their pregnancy time. Moreover, 77% of them gave birth at a health facility. About 58% of mothers give birth for the first time at the age of 19 years and below. Only 20% of the households had a number of under-5-year-old children above the age of 5 years. Close to half (51%) of the children were males, and only 1.7% were twins. Approximately 53.47% of the children had average size, and 41% of the children were the fourth or above child in the family. Regarding community-level variables, nearly 53% of the participants were from four countries (namely, Burundi, Madagascar, Malawi, and Uganda), and 77% were rural residents. Approximately 53% of the population had low exposure to mass media. Nearly 51% of women in the community had low educational levels. Regarding the community utilization of health facility delivery was low at 52%. Approximately 52% of the community had low ANC utilization and poverty level, respectively (Table 3).



TABLE 3 Participant characteristics early PNC uptake and its associated factors following child birth in East Africa: using recent DHS data from 2015 to 2022.
[image: A table displays various demographic variables, weighted frequencies, and percentages. Categories include maternal age, education, marital status, wealth index, media exposure, age at first birth, mother's work status, number of children under five, ANC visits, place of delivery, twin birth, birth weight, children's gender, distance to health facilities, birth order, residence, and community-level factors like ANC utilization, education, distance to facilities, media exposure, and wealth. Each category is detailed with corresponding frequencies and percentages.]



Pooled magnitude of early PNC uptake in East Africa

The pooled magnitude of early PNC uptake in the East African countries was 52% (95% CI: 39, 66). The highest magnitude of early PNC uptake was found in Zimbabwe (71%), followed by Kenya (69%) and Rwanda (63%). The lowest magnitude of early PNC utilization was reported in Uganda (40%). The between-country difference in magnitude of early PNC uptake (τ) was 22% (95% CI: 11, 44) (Figure 1).

[image: Forest plot showing the magnitude of early postnatal care uptake across various countries and years. The plot includes data from Zimbabwe (2015), Kenya (2022), Rwanda (2019/20), Malawi (2015/16), Zambia (2018), Madagascar (2021), Tanzania (2022), Uganda (2016), Ethiopia (2016), and Burundi (2016/17). Each country has a corresponding blue distribution curve with confidence intervals, ranging from 0.23 to 0.71. A pooled magnitude value at the bottom is 0.51.]

FIGURE 1
 Forest plot of pooled prevalence of early PNC uptake in East Africa across 10 countries from 2015 to 2022.




Measures of variation (random effect estimates) analysis

The model with both individual and community-level factors has the smallest Widely Applicable Information Criteria (WAIC = 98,050.2) compared to the random intercept-only model (WAIC 107,081.7), the model with only individual-level factors (WAIC = 98,361.9), and the model with only community-level factors (WAIC = 105,612). Therefore, this model is the best fitted model for the data because it has the smallest WAIC compared to the other models. Interpretations and reports were made based on this model. The random effect estimates have been determined by fitting four models (Model I (null model), Model II, Model III, and Model IV). The null model showed significant variability in the likelihood of early PNC uptake among East African countries (σ2 = 0.202). The ICC of 0.06 in the null model implied that the difference between clusters contributed 6% of the total variation in the uptake of early PNC services. The MOR of 1.54 in the null model implied that if children were picked randomly from two different clusters (EAs), children within a cluster had a higher probability of receiving early PNC, with a 1.54 times higher chance of receiving early PNC services compared to children within a cluster with a lower chance of uptake of early PNC services. The proportional change in variance (PCV) in the full model was 55.7%, showing that both individual- and community-level factors explained 55.7% of the observed variation in uptake of early PNC (see Table 4).



TABLE 4 Random effect analysis of PNC among women in East Africa.
[image: Comparison table of four models showing parameters: Cluster level variance (Model I: 0.2, Model II: 0.09, Model III: 0.14, Model IV: 0.09), ICC (0.06, 0.03, 0.04, 0.03), PCV (Ref, 55.65%, 31.18%, 55.7%), MOR (1.54, 1.33, 1.43, 1.34), and WAIC (107,081.7, 98,361.9, 105,612, 98,050.2).]



Factor affecting early PNC uptake

In a multilevel multivariable Bayesian logistic regression analysis, variables, namely, maternal age, maternal education, marital status, mother’s working status, wealth index, media exposure, age at first birth, parity, place of delivery, at least one ANC, birth size, birth order number, while residence, community media exposure, community wealth level, community ANC utilization and community distance to health facility were identified as significant individual and community-level factors of receiving early PNC service (Table 5).



TABLE 5 Individual and community level factors associated with early PNC uptake among women in East African countries using the recent DHS datasets, 2015–2022.
[image: A data table showing factors associated with early postnatal care (PNC) uptake. Variables include maternal age, education, marital status, wealth index, media exposure, parity, age at first birth, antenatal care (ANC) visits, place of delivery, child's sex, birth weight, twin status, birth order, residence, community education, media exposure, ANC utilization, wealth, and distance to health facilities. It presents estimates, errors, adjusted odds ratios (AOR), credible intervals (CrI), Rhat values, and effective sample sizes (ESS), with markers for statistical significance.]

The odds of early PNC service uptake among women in the age group of 25–34 years (AOR = 1.21; 95% CrI: 1.15, 1.27) and 35–49 years (AOR = 1.61; 95% CrI: 1.5, 1.72) were higher by 21 and 61%, respectively, compared to women aged 15–24 years old. Similarly, women who had achieved primary education (AOR = 1.96; 95% CrI: 1.88, 2.05) and secondary/higher education (AOR = 3.19; 95% CrI: 3.03, 3.36) were 1.96 and 3.19 times more likely to receive early PNC services than formally uneducated women, respectively. Divorced or widowed women (AOR = 0.83; 95% CrI: 0.77, 0.89) had 17% lower odds of early PNC service uptake than unmarried women. Currently working women (AOR = 0.9; 95% CrI: 0.87, 0.93) had 10% lower odds of early PNC service uptake than those not working. Regarding household wealth indexes, taking the poorest households as a reference, poorer women (AOR = 0.88; 95% CrI: 0.84, 0.92), middle-class women (AOR = 0.83; 95% CrI: 0.79, 0.87), richer (AOR = 0.77; 95% CrI: 0.73, 0.81), and richest women (AOR = 0.59; 95% CrI: 0.55, 0.63) all had decreased odds of early PNC service uptake as wealth increased. Women with media exposure (AOR = 1.32; 95% CrI: 1.27, 1.36) had 32% higher odds of early PNC service uptake than those without media exposure. Women with 3–5 children (AOR = 0.89; 95% CrI: 0.84, 0.94) and those with more than 5 children (AOR = 0.69; 95% CrI: 0.64, 0.75) had lower odds of early PNC service uptake compared to those with one to two children. Women with an age at first birth <20 years (AOR = 0.82; 95% CrI: 0.79, 0.84) had slightly lower odds of early PNC service uptake compared to those with an age at first birth ≥20 years. Women with at least one ANC visit (AOR = 1.93, 95% CrI: 1.8, 2.08) had 93% higher odds of early PNC service uptake than those without an ANC visit. Women delivering in health facilities (AOR = 2.57; 95% CrI: 2.46, 2.68) were 2.57 times more likely to receive early PNC service uptake than those at home. Women with a child who had an average birth size (AOR = 0.94; 95% CrI: 0.91, 0.98) and small birth size (AOR = 0.88; 95% CrI: 0.84, 0.92) had slightly lower odds of early PNC service uptake compared to those with large birth size. Women with twins (AOR = 1.15; 95% CrI: 1.02, 1.3) had 15% higher odds of early PNC service uptake than those without twins. Fourth- or above-born children (AOR = 0.88; 95% CrI: 0.82, 0.95) had slightly lower odds of early PNC service uptake compared to first-born children. Regarding community-level variables, rural women (AOR = 0.76; 95% CrI: 0.72, 0.79) had lower odds of early PNC service uptake by 24% compared to urban women. Communities with high media exposure (AOR = 1.1; 95% CrI: 1.04, 1.18) had 10% higher odds of early PNC service uptake than their counterparts. Communities with high wealth levels (AOR = 0.88; 95% CrI: 0.83, 0.94) had 12% lower odds of early PNC service uptake. Communities with high ANC utilization (AOR = 1.13; 95% CrI: 1.07, 1.19) had 13% higher odds of early PNC service uptake than those with low ANC utilization. Communities in which the distance to a health facility is not a big problem (AOR = 1.5; 95% CrI: 1.38, 1.63) had 50% higher odds of early PNC service uptake than communities where it is a big problem (Table 5).




Discussion

Using the Bayesian multilevel modeling approach, the goal of this study was to pinpoint the underlying individual and community-level factors that contributed to the PNC uptake among mothers immediately following birth within 24–48 h. Based on our final model analysis, we found that the pooled prevalence of PNC following birth within 2 days of the delivery was about 52% (95% CrI: 39, 66). Although this pooled prevalence was still low, however, it has been shown to have approximately 20% increase as compared to the previous research subgroup analysis findings in SSA (44). In comparison to the prevalence recorded in Ethiopia (15.71%) (45), and Gambia (46), this prevalence was greater. Although the prevalence of PNC has increased over time in East Africa, this number is not very spectacular when compared to other countries such as Bangladesh (63%) (47), Benin (68%) (48), and Zambia (63%) (49). These differences may reflect the variety of country-specific factors, analysis model type, sampling, and other methodological changes, as well as the effectiveness of the health care system delivering mother and child care.

In this study, educated and older mothers have more PNC than their counterparts. According to a study conducted in SSA, Vietnam, and China, educated and older mothers have more PNC than their counterparts (44, 50, 51). Several previous studies have shown that a mother’s education and age have a significant impact on a child’s health (52). It is closely linked to her knowledge of health, which influences her use of maternal and child health services. Women with higher levels of education and age tend to have better knowledge about maternal health, enabling them to make informed decisions and seek appropriate medical care, including maternal health services. Higher education and being aged are associated with improved health-seeking behaviors, being more susceptible to maternal- and pregnancy-related complications, and are seen as a crucial way to empower women to access maternal healthcare services (53, 54). Therefore, the evidence suggests that educated and older women are more likely to have better knowledge and utilize maternal health services because they understand the importance of these services and can make informed choices.

When enabling factors are taken into account, mothers who had at least one ANC visit and gave birth in health facilities had a higher chance of getting a PNC checkup than their counterparts, which is supported by earlier research from India (55), Pakistan (56), Ethiopia (45, 57), Bangladesh (47) as well as Nigeria (58), and Uganda (59). This finding could be explained by the fact that pregnant women who receive counseling and information about the health risks of the postpartum period during ANC visits are more likely to use adequate PNC services, which maintains their advantageous position regardless of their socioeconomic status. This finding might be explained by the fact that pregnant women who are exposed to counseling and information about the health risks of the postpartum period during ANC visits and during their delivery at medical facilities are more likely to use adequate PNC services, which maintain their advantageous position regardless of their socioeconomic status. Additionally, these women who gave birth in a hospital might be allowed to stay for an additional 2 days or advised to have a follow-up appointment 2 days after giving birth so that they can receive the proper medical attention for both themselves and their newborns. Mothers who give birth at home typically face cultural restrictions that prevent them from leaving their homes for a certain amount of time, exhibit negative attitudes, and use fewer postpartum services.

Although previous research did not provide specific explanations for why widowed mothers show less health-seeking behavior for themselves and their children, it can be inferred from the broader literature that the loss of a spouse has a significant impact on a woman’s motivation and ability to seek healthcare. This impact includes increased levels of depression, anxiety, and psychological distress, which can affect a woman’s willingness to access healthcare for herself and her children (60). Additionally, widowed mothers often lack social support, making it more difficult for them to seek healthcare (60). Moreover, the death of a spouse can lead to economic hardships, which further hinder a woman’s ability to access healthcare for herself and her children. Furthermore, in some communities, widows may face stigmatization or discrimination, which can negatively influence their healthcare-seeking behavior (61). While the specific reasons for the lower health-seeking behavior among widowed mothers may vary depending on individual circumstances and cultural contexts, it is crucial to offer targeted support and interventions to address the unique challenges faced by this population.

The majority of the studies have investigated those urban women who had more PNC than rural women due to the unequaled distribution of sources and various factors of women. Several factors could explain this difference. One reason is that rural areas often have limited transportation options and poor road infrastructure (62). This makes it difficult for women to travel to healthcare facilities for PNC visits. Additionally, rural women may have less information about PNC services and their importance, which can lead to lower utilization rates (62). Rural women may also face more socioeconomic challenges, such as poverty and a lack of resources, which can prevent them from seeking PNC services. Furthermore, rural areas typically have fewer healthcare facilities and resources, resulting in longer travel and wait times for PNC services, and women may face challenges in attending PNC visits due to the distance of the nearest health facility from their homes (63). Finally, in some rural communities, there may be cultural or social norms that discourage women from seeking PNC services (64). For example, there might be a preference for traditional birth attendants or a belief that PNC visits are unnecessary. All these could be caused by differences in the accessibility and availability of healthcare facilities, as well as the caliber of healthcare provided in the various regions.

This study showed that mothers who come from areas with high levels of media exposure and who frequently consume any form of media, including radio and television, are more likely to use PNC from any provider, regardless of qualification, than their counterparts who are not exposed to any media. This outcome is consistent with the research performed in Bangladesh (47), Uganda (59), Ethiopia (65), and Nigeria (66), where only qualified providers were considered. The fact that highly educated women who are already aware of the seeking behavior are more likely to be exposed to media can be used to explain this better occurrence. This demonstrates how the country can improve communication hurdles, PNC use, and other health services by leveraging the power of media.

Compared to those at parity 1, women at parity 4 and more had reduced probabilities of using PNC for their offspring. The most likely explanation is that women with higher parities may rely on the knowledge they gained from prior PNC visits. Studies from Uganda and Bangladesh have shown their agreement with this figure (47, 59). On the contrary, it is believed that a variety of obligations, such as raising younger and older children, frequently prevent women from seeking PNC, particularly in situations where access to a health facility is regarded to be difficult, mainly if they have more children and have not used contraception.

Compared to women who had single infants, twin mothers were more likely to seek PNC. Utilizing PNC services is crucial since they provide health professionals with a platform to identify and treat problems affecting expectant mothers and newborns. Women must use these services as a result, regardless of the manner of birth. Perhaps the stigma associated with twin pregnancies pushes women to seek PNC; however, more research on twin pregnancies and PNC uptake is required to fully understand the phenomena. Currently, studies from Bangladesh and Papua New Guinea have discovered a comparable number (47, 67). In the same way, if their babies are overweight or have obesity-like tendencies that are different from the babies they knew before and around them, they do not consider it as a good opportunity, so they are more likely to go to the health facility for a checkup.

This study found that wealthier and employed mother have a less likelihood chance of having PNC within 2 days following birth compared to their counterparts. According to a study conducted in Vietnam and SSA, women in wealthier households were significantly associated with postnatal health checks for their newborns. The proportion of postnatal health checks increased among households of near-poor, middle, rich, and richest as compared with the poorest households (44, 50). Although the author did not find earlier evidence, several factors could explain why wealthier and employed mothers may not return to health facilities within 2 days after giving birth, compared to poor and unemployed women. These factors include access to underreported private healthcare, self or relative postpartum support, dissatisfaction, and cultural or personal preferences. Wealthier women may have other options for postpartum care, such as home visits from healthcare providers. Cultural or personal preferences may also play a role in when women choose to visit health facilities after giving birth. Additionally, employed mothers may face challenges in taking time off work for these visits. These factors contribute to the disparities in postpartum health facility visits among different socioeconomic groups. Further research and data analysis on this topic would provide a more comprehensive understanding of the underlying reasons.


Strengths and limitations of the study

Regarding the study’s advantages, East African countries’ nationally representative data, which is indicative of the entire nation, is used. To offer a more believable conclusion that considers the hierarchical nature of the survey data by incorporating prior information, this study also used a Bayesian multilevel modeling technique and sizable samples. This will improve the estimation of the results toward the reality of the country’s current status. The study does have some flaws, though. Due to the self-reported nature of the interview, the survey is subject to social desirability, and the cross-sectional form of the study may not be able to account for the temporal connection of the independent and outcome variables. Furthermore, although there was a relatively short time variation among the countries in the dataset, time was not considered an independent factor in the regression. Therefore, readers should keep this in mind when interpreting and using the findings of this study.



Conclusion, recommendations, and implications of the study

Low utilization of immediate PNC uptake remains among the top public health importance agendas in East Africa. In the final model, the study at hand revealed several crucial individual and community-level factors, including older maternal age, higher education levels, being divorced/widowed women, better household wealth index, maternal working status, having mass media exposure, higher parity, having ANC follow up, institutional delivery, age at first birth, twin status, child weight at birth, and birth order were individual-level factors that have been independently associated with early PNC uptake. Similarly, regarding community-level factors, variables such as high community mass media exposure, being from a rural area, being from high ANC follow-up coverage communities, being from high-wealth communities and having a long distance to the health facilities were associated with the outcome variable, respectively, among women in East Africa.

Hence, targeted education and awareness campaigns are crucial. Given the positive correlation between higher education levels and early PNC uptake, it is important to implement campaigns that specifically target women with lower levels of education. These campaigns should emphasize the benefits of PNC and highlight the importance of seeking PNC services early in the postnatal period. Additionally, they should address any misconceptions or barriers that may exist. Similarly, it is important to strengthen ANC and institutional delivery services. The study has identified ANC follow-up and institutional delivery as factors that are positively associated with early PNC uptake. By improving access to quality ANC services, ensuring the presence of skilled birth attendants, and establishing adequate referral systems, the likelihood of women receiving timely PNC can be increased. Furthermore, community-based interventions are also crucial. The study has found that community-level factors, such as mass media exposure and ANC follow-up coverage, can influence early PNC uptake. Therefore, implementing community health education programs and utilizing mass media platforms to disseminate PNC-related information can help improve awareness and promote early PNC-seeking behaviors. The future research should explore how the identified factors influence early PNC uptake and evaluate the effectiveness of interventions targeting these factors. Longitudinal studies could provide insights into the long-term impact of early PNC uptake on maternal and child health outcomes. Overall, the study underscores the importance of addressing both individual and community factors to enhance early PNC uptake in East Africa. By implementing targeted interventions and policies, healthcare systems can ensure that all women have equal access to timely and high-quality PNC services, improving maternal and child health outcomes.
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Fetal health holds paramount importance in prenatal care and obstetrics, as it directly impacts the wellbeing of mother and fetus. Monitoring fetal health through pregnancy is crucial for identifying and addressing potential risks and complications that may arise. Early detection of abnormalities and deviations in fetal health can facilitate timely interventions to mitigate risks and improve outcomes for the mother and fetus. Monitoring fetal health also provides valuable insights into the effectiveness of prenatal interventions and treatments. For fetal health classification, this research work makes use of cardiotocography (CTG) data containing 21 features including fetal growth, development, and physiological parameters such as heart rate and movement patterns with three target classes “normal,” “suspect,” and “pathological.” The proposed methodology makes use of data upsampled using the synthetic minority oversampling technique (SMOTE) to handle the class imbalance problem that is very crucial in medical diagnosing with a light gradient boosting machine. The results show that the proposed model gives 0.9989 accuracy, 0.9988 area under the curve, 0.9832 recall, 0.9834 precision, 0.9832 F1 score, 0.9748 Kappa score, and 0.9749 Matthews correlation coefficient value on the test dataset. The performance of the proposed model is compared with other machine learning models to show the dominance of the proposed model. The proposed model's significance is further evaluated using 10-fold cross-validation and comparing the proposed model with other state-of-the-art models.
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1 Introduction

The perinatal mortality rate refers t[o the total number of stillbirths and deaths occurring within the first seven days of life per 1,000 live births. The United Nations International Children's Emergency Fund (UNICEF) data from 2018 indicates that in third-world countries, the perinatal mortality rate is 19, while in developed countries this rate is between 3 and 7 for every 1,000 births, respectively. Sub-Saharan Africa and South Asia are amongst the regions with the highest perinatal mortality reaching 28 and 26 respectively, as per UNICEF (1). At the start of the 20th century, perinatal mortality rates were alarmingly high in the first-world countries of that era, but significant reductions were achieved through improved antenatal care, comprehensive C-section indicators, and perinatal screening technologies like amniocentesis, fetal echocardiography (ECG), amnioscopy, cardiotocograph (CTG), and ultrasound (2). Preterm births, maternal hypertension, birth asphyxia, and septicemia are the main contributors to perinatal deaths and complications related to childbirths (3). Asphyxia is caused by an extended period of oxygen deprivation brought about by interrupted placental blood flow resulting from umbilical cord prolapse, placental abruption, or maternal pre-eclampsia. Asphyxia signs are oversighted lead by delivery mismanagement. Irretrievable organ damage or even death can be prevented by prompt detection of asphyxia signs by fetal heart rate monitoring during the antra and antepartum periods.

Fetal distress presents as an irregularity in fetal heart rate (FHR), either low or high, measured in beats per minute (BPM). Fetal status can primarily be detected through CTG, commonly utilized in clinical examinations (4). Uterine contractions (UC) and FHR are the vital physiological parameters monitored during CTG prenatal checks. Distress can manifest as abnormal FHR, aiding in the early identification of pathological conditions. CTG data enables the classification of fetal health relative to normal parameters. This diagnostic method, conducted during the third trimester of labor, involves continuous monitoring of UC and FHR via pressure transducers and ultrasound probes placed on the maternal abdomen. Real-time readings allow for immediate observation. Clinicians interpret CTG results based on predefined criteria, classifying them as Suspect, Normal, or Pathologic. In first-world countries, CTG stands as a prevalent method for evaluating fetal wellbeing (5). However, some experts oppose excessive CTG utilization in low-risk cases. CTG readings, morbidity, and perinatal mortality are correlated. Neonatal ICUs and low APGAR scores are related to pathological CTG results (6). Fetal distress can also be observed through CTG, and its outcomes vary depending on factors like causative factors, severity, and timeliness of medical interventions. Temporary fetal distress is addressed by changing the position of the mother, injecting IV fluids, administering oxygen supply, or undergoing cesarean sections if necessary, typically toward the end of the third trimester. These interventions aim to enhance the baby's condition and achieve favorable outcomes. However, prolonged fetal distress may result in enduring negative consequences such as intellectual deficiencies, motor impairments, learning disabilities, and disorders like cerebral palsy, albeit rarely (7). Prolonged distress, typically due to oxygen deprivation, may even lead to birth asphyxia, contributing to roughly around 0.9 million neonatal casualties per annum (8).

Fetal death rates are notably higher in low-income countries compared to high-income nations, reflecting disparities in healthcare accessibility and resources between these regions. Despite a global decline in neonatal mortality rates from 36.7 per 1,000 live births in 1990 to 17 in 2020 over the past three decades, the rates remain disproportionately elevated in low-income areas (9). Even in high-income regions, complications of the placenta, often associated with fetal distress, stand as the leading cause of fetal death. Therefore, accurate assessment of fetal health is critical. CTG is an effective source to evaluate and find fetal distress at an early stage. CTG tests offer resource-efficient and timely evaluations, helping ease patient anxiety, particularly in high-volume settings. Certain CTG finding arrangements, such as loss of FHR variability, fixed FHR baselines, and absence of accelerations, signal a non-encouraging fetal status (10, 11). While CTG interpretation traditionally relies on expert visual analysis, automated mechanisms are being explored to augment this process.

Artificial intelligence (AI) has emerged as a valuable tool for assessing the status of the fetus (12). Within healthcare, machine learning is revolutionizing numerous facets, from tailoring treatments to enhancing diagnostic capabilities (13). Progress in health informatics and machine learning algorithms, a subset of AI, facilitates modeling processes, leading to more informed and optimized health decisions (14, 15). Ongoing advancements in machine learning continuously explore practical applications within real-world clinical settings. These algorithms find utility in decision-support systems across various biomedical domains, including fetal classification, aiming to identify compromised fetal statuses and prevent hypoxic injuries and pregnancy-related complications (16). This study proposes a fetal health arrangement framework utilizing a CTG dataset and machine learning. The primary contributions of this research are outlined as follows:

	• The study introduces a comprehensive framework for fetal health classification using a light gradient boosting machine (LGBM) and cardiotocogram data.
	• The proposed approach uses synthetic minority oversampling technique (SMOTE) as preprocessing for data resampling with the LGBM model for obtaining high accuracy, the area under the curve (AUC), recall, precision, F1, Kappa, and Matthew's correlation coefficient (MCC). In addition, computational complexity is greatly improved.
	• The proposed framework is compared with several other machine learning models catboost classifier (CB), extra trees classifier (ET), extreme gradient boosting (CGB), random forest classifier (RF), gradient boosting classifier (XGBoost), decision tree classifier (DT), K neighbors classifier (KNN), AdaBoost classifier (Ada), logistic regression (LR), linear kernel support vector machine (SVM), and Naive Bayes (NB) to show the efficacy of the proposed model. Furthermore, k-fold cross-validation is applied to validate its performance, in addition to, comparing its performance with state-of-the-art models.

The paper is structured as follows: Section 2 presents a comprehensive literature review concerning fetal health classification. Section 3 outlines the proposed framework, including details of the dataset, preprocessing, and the architecture of the proposed classification model, including hyperparameters. Section 4 covers the results obtained and discussions. The discussion is related to the findings and implications of the work. Finally, Section 5 concludes the paper.



2 Related works

Multiple research works investigated the application of machine learning in detecting fetal health status. This section delves into the theories and relevant concepts present in current literature, along with their findings, to pinpoint gaps. However, few studies have specifically addressed CTG data-based fetal health classification. Yin and Bingi (17) introduced a machine learning-based system employing XGB, LGBM, and SVM models. The study demonstrated SVM achieving an accuracy of 99.59% for classification. They also compared their system's results with local interpretable model agnostic explanations (LIME) and Shapley additive explanations (SHAP). Abiyev et al. (18) proposed a type 2 Fuzzy neural network (T2-FNN) for discovering the health status of the fetus. They conducted performance comparisons using various machine learning and deep learning models. Implementing T2-FNN with different rule sets, such as 21, 42, and 63 rules, they found that T2-FNN with 63 rules achieved an accuracy of 96.66%.

For early prognosis and classification of fetal health, Kuzu and Santur (19) introduced an ensemble learning model. They utilized ensemble learning techniques including LR, RF, GB, and XGB. The study results indicate that the XGB ensemble learning model surpassed others, achieving CTG dataset-based 99% accuracy. Hussain et al. (20) proposed an improved deep neural algorithm for classifying suspicious CTG recordings and untapped pathological with preferred time complexity. Their system integrates AlexNet architecture with SVM to reduce time complexity at fully connected layers. When a deep transfer learning process is employed, pre-learned topographies are relocated to their prototype. A strategy was implemented by them to further shrink time complexity where other layers were kept in the frozen state while partially training convolutional base layers. The proposed algorithm demonstrated superior performance compared to leading architectures, with instantaneous sensitivities, accuracy, and specificity reaching 96.67%, 99.72%, and 99.6%, respectively.

Piri and Mohapatra (21) proposed a rule-based approach for cardiotocographic fetal evaluation. The work involved utilizing an associative classifier in conjunction with traditional machine learning models. The study highlights that 83% accuracy was achieved by associative classifier prototype before feature selection and 84% after feature selection for classifying fetal health status. Duhayyim et al. (22) introduced an ensemble learning model for automatic fetal health classification. The authors conducted experiments in two scenarios. Initially, they employed five classifiers CatBoost, RF, LGBM, XGBoost, and Ada without oversampling, to categorize CTG readings into pathological, suspected, and healthy. Subsequently, they utilized oversampling deployed ensemble classifiers. They employed random oversampling to balance CTG records for training the ensemble models. Results indicate that XGBoost, LGBM, and CatBoost classifiers achieved 99% accuracy.

Islam et al. (23) conducted research on classifying fetal states using machine learning algorithms. The study employed algorithms such as Ada, KNN, RF, SVM, GBC, DT, and LR. To ensure an unbiased dataset, scaling techniques were employed. Results indicate that GBC outperformed other models, achieving an accuracy of 95%. The study (24) focused on the application of classification techniques in gynecology and obstetrics for CTG data classification to predict normal, suspect, and pathologic cases. Six well-known classification algorithms were evaluated for fetal state classification in CTG datasets. The study revealed that NB achieved a classification accuracy of 83.06%.

Salini et al. (25) conducted a machine learning-based study, addressing the prominence of radical fetal health classification. They deployed various models such as RF, LR, DT, SVC, VC, and KNN on the dataset. The effectiveness of the model was evaluated in classifying fetal health by strenuous training and testing of these models. An outstanding accuracy of 93% was exhibited by the RF model as a promising outcome of this study. Sudharson et al. (26) utilized multiple classification algorithms on the CTG dataset and compared the results of individual algorithms. The comparison involved four different classification algorithms KNN, NB, DT, and SVM. Based on the overall comparison using these classification reports, DT exhibited the highest score among the four algorithms and achieved an accuracy of 90.8%.

Various machine learning techniques, classifiers, and ensemble learning methods have shown promising results in classifying fetal status accurately using the CTG dataset, as evidenced by early research. However, there remains a gap in evaluating these approaches comprehensively, as previous studies have primarily focused on recall, accuracy, F1 score, and precision-like metrics. Additional evaluation parameters such as MCC, Kappa, and training time are necessary to provide a comprehensive understanding of the performance of these methods. A summary of the literature discussed above is presented in Table 1.


TABLE 1 Related work summary.

[image: Table comparing various studies on classifiers, performance, and limitations. Studies are referenced by authors and numbers. Classifiers include methods like XGB, SVM, RNN, RF, and others. Performance is noted in percentages for each method. Limitations mention issues such as lack of cross-validation, use of imbalanced datasets, and absence of Explainable AI.]



3 Materials and methods

Fetal wellbeing serves as a crucial indicator for confirming fetal health. Inadequate fetal movement stands as a significant contributor to fetal mortality, underscoring the importance of early diagnosis to promote fetal health. This segment of the research encompasses the following components: dataset description, data visualization, data preprocessing techniques, study deployed ML models, evaluation parameters, and the proposed system for fetal health assessment.


3.1 Dataset

We used the Fetal Health classification dataset extracted from the Kaggle repository. This dataset is based on CTG readings of expecting mothers with gestational ages between 29 and 42 weeks comprising 2126 records (27). The author programmed an automated analysis of CTG readings. Signals from Hewlett-Packard fetal monitors and Sonicaid were collected using the SisPorto 2.0 system, comprising 6,000 tested pregnancy records.1 Baseline acceleration, fetal heart, contraction, deceleration, and variability readings were established through the input of monitor readings from three experts. Therefore, the obtained dataset forms part of a study to validate the SisPorto 2.0 system. It consists of the individual record-corresponding label with 21 decimal value features, classifying the record into “Healthy,” “Suspected,” or “Pathological” fetal health status.



3.2 Data visualization

The CTG dataset contains a total of 2,126 records concerning fetal health conditions. Further analysis indicates that the dataset has a class imbalance problem and the distribution of the class samples is not balanced, as illustrated in Figure 1. The dataset has three classes: “pathological,” “normal,” and “suspect,” and has 176, 1,655, and 295 samples, respectively.


[image: Pie chart depicting fetal health categories. The largest section, colored blue, represents "Normal" at 77.8%. A smaller orange section indicates "Suspect" at 13.9%, while the smallest green section shows "Pathological" at 8.3%.]
FIGURE 1
 Class-wise dataset representation.


Figure 2 clearly indicates the necessity for balancing the dataset due to its inherent imbalance. To address this issue, various techniques were employed to balance the dataset, resulting in 295 suspicious attributes, 1,655 normal attributes, and 176 pathological attributes.


[image: Bar chart showing fetal health distribution. Category 1 has the highest count just over 1,600, category 2 has about 300, and category 3 has around 200.]
FIGURE 2
 Class-wise dataset distribution before applying SMOTE data upsampling.




3.3 Data resampling

The CTG dataset encompasses readings from labor and random gestation cases. Critical undeniable findings from CTG readings were established despite the low probability of abnormality in these readings. However, the utilized Fetal Health Assessment dataset has class imbalance with a higher ratio of healthy fetuses 1,655 as compared to 176 pathological and 295 suspected occurrences (28). Results can be misleading based on such imbalanced data when used for training a prototype because there is a high probability of the model's learning from a very high ratio of healthy instances in contrast to suspected or pathological cases. Therefore, it's imperative to balance the dataset before constructing a prediction model. Various techniques have been proposed by researchers to address imbalanced datasets, including random under-sampling, random over-sampling, SMOTE, and imbalanced resampling, among others.

In this study, we opted for the SMOTE technique to balance our dataset. SMOTE augments the number of data instances by creating synthetic data points for the minority class using Euclidean distance based on their nearest neighbors (29). These fresh instances being based on the original features look like the original data. While SMOTE may introduce additional noise, it remains a suitable choice for our dataset. Over-sampling with replacement, in particular, serves as a straightforward technique for balancing the dataset, and it aligns well with our dataset characteristics since the CTG records exhibit relatively low variation within a class. Additionally, data integrity is preserved by over-sampling, and the large dataset is facilitated in the process, thereby enhancing model simplification.

Before applying the SMOTE oversample technique, we made a dataset division of 80%–20% which means 20% of the entire dataset is used for testing and 80% for training. From the 20% testing dataset (426 records), healthy fetuses records are 333, suspected 64, and pathological 29. After this training division of 80% (1,700 records), healthy fetus records are 1,322 as compared to 147 pathological and 231 suspected. Then we applied SMOTE data oversampling on this training dataset division and upsampled all classes to 1,322 samples. In this way, our transformed dataset shape becomes (1,322 × 3 = 3,966) samples with 22 features in total. Then on this transformed dataset we trained our models and tested on 426 (20% of testing data) that we split before applying SMOTE oversampling. Figure 3 shows data balancing after applying SMOTE.


[image: Bar chart showing counts for three categories: Normal, Suspect, and Pathological. Each category has a count of 1200, illustrated by blue bars of equal height.]
FIGURE 3
 Class-wise dataset distribution after applying SMOTE data upsampling.




3.4 Machine learning models for fetal health classification

In this section, we provide a brief description of the classification methods utilized in the study, along with details on the calibration process of the classifier. The following machine learning techniques were employed in the current study, chosen for their widespread use in fetal health classification and other tasks. All models were implemented using scikit-learn. The section includes a concise overview of each model and its corresponding hyperparameters.


3.4.1 Light gradient boosting machine

LightGBM is a swift, efficient, and distributed gradient-boosting structure DT-embedded algorithm. LightGBM is extensively employed in boosting algorithms across multiple ML tasks like classification, ranking, and regression (30). Boosting methods yield a powerful learning model by combining multiple weak ML algorithms. Through successive iterations, the importance of misclassified data points is enhanced while that of correctly classified diminished by such boosting algorithms. A greater intention is ensured by this iterative process to the misclassified classifier in the subsequent training sessions. Eventually, all individual ML models are linearly united, with adjustments made to the combined model weights based on the classifiers' error rates. LightGBM core concept is symbolized in Equation 1.

[image: The mathematical expression shown is: \( f(x) = \sum_{q=1}^{Q} \alpha_q T(x, \theta_q) \), labeled as equation (1).]

where f(x) represents the training sample x corresponding target value, Q denotes base learners' numbers, αq signifies the weighted coefficient of the q-th base learner, x denotes the drilling example, θq represents the learner's classification parameters, T(x, θq) stands for the q-th base learner involved in the preparing process.



3.4.2 Random forest classifier

Being an ensemble learning procedure, RF is very proficient at both regression and classification tasks (31). It harnesses the collective strength of numerous decision trees alongside a technique called Bootstrap and Aggregation, or bagging. This approach involves randomly selecting rows and features from the dataset to generate sample datasets for each tree a process known as Bootstrap. Subsequently, the Aggregation step consolidates the predictions of all individual trees to yield the ultimate results. While RF constructs multiple decision trees and averages their predictions, methods like gradient boosting (GB) and XGBoost build models sequentially to rectify the errors of preceding models. RF demonstrates proficiency with unseen data, exhibits reduced susceptibility to overfitting, and maintains computational efficiency. The ultimate forecast is presented as follows.

[image: The mathematical formula shows that the predicted value is the average of values M sub i. It is expressed as y(predicted) equals one over N times the summation of M sub i from f equals 1 to N.]

In the provided equation, Mi represents the prediction of the i-th decision tree, and N denotes the total number of decision trees in the Random Forest ensemble.



3.4.3 Logistic regression

LR is a performance-enhancing combined multiple RF and AdaBoost-like classifiers type of ensemble learning using an iterative ensemble approach. Consequently, a strong classifier is constructed by it (32). LR identifies the correlation between the categorical independent and dependent variables. Additionally, it computes the posterior probability p by fitting the data into the logistic function of an event. The classifier's weights and sample training are fixed in each successive iteration aimed at boosting the basic underlying concept to correctly ascertain the target class of the provided data. LR's classification y* is illustrated as follows:

[image: Mathematical equation: \( y^* = \ln\left(\frac{p}{1-p}\right) \) labeled as equation three.]
 

3.4.4 Decision tree classifier

DT represents a non-parametric supervised ML approach utilized to establish classification systems based on multiple covariates or to develop prediction algorithms for a target variable (33). This method involves constructing a model capable of predicting the value of a target variable through the learning of simple decision rules derived from data features. An inverted tree structure is formed after the dataset is organized into branched segments, consisting of internal, root, and leaf nodes. Being a non-parametric algorithm, complex and big datasets are easily handled by it without the need for a complex parametric structure. In the case of the enormous data samples, the data is organized as test and training samples. The training data is then used to build a DT prototype while the test sample determines the appropriate tree size for optimal final model attainment.



3.4.5 Extra trees classifier

Extremely randomized trees or extra trees, are part of the ensemble learning procedures category, similar to RF, where multiple individual DT results are aggregated (34). ETs are superior in performance in comparison to RF algorithms. The baseline difference between ET Regressor and RF is the utilization of bootstrap aggression, which is used by RF while ET doesn't. Instead, it uses the entire training dataset to construct its DTs. ET Regressor, instead of determining the best-split point after all features are taken into consideration, selects features' subset randomly, and eventually a random split point is selected. Overfitting in the model is mitigated by reducing the variance aided by this added randomness. The benefits of ET regressor are proven when datasets are high-dimensional and computational efficiency is a priority.



3.4.6 Extreme gradient boosting

XGBoost employs an objective function comprising a regularization term and a loss function. The discrepancy between expected and actual values of a model is measured using the loss function while overfitting and complexity of the model are managed by the regularization term (35). Notably, XGBoost incorporates parallel processing methods, facilitating quicker computation. In contrast, traditional Gradient Boosting trains each new model sequentially, correcting errors from the preceding model. XGBoost represents a refined version of Gradient Boosting, integrating sophisticated regularization methods and streamlined tree construction processes.



3.4.7 Ada boost classifier

AdaBoost leverages the boosting principle to generate a strong classifier from weaker ones. By integrating subpar classifiers and extracting their predictive value, AdaBoost enhances the overall efficacy of machine learning classifiers, forming a superior ensemble classifier (36). This approach mitigates issues associated with overfitting and contributes to improved results. AdaBoost meticulously evaluates the optimal contributions of each individual classifier, thereby selecting the most effective values for inclusion in the ensemble.



3.4.8 Gradient boosting classifier

Gradient Boosting serves as an ensemble meta-estimator comprising weak prediction models, often decision trees, commonly employed for classification tasks (37). The algorithm predicts classes based on a weighted majority vote of the predictions from the weak learners, with weights determined by their respective accuracy rates. Notably, Gradient Boosting is applicable even to small samples, ranging from as few as 100–1,000 data points.



3.4.9 Support vector machine—linear kernel

SVM is a prominent and preferred supervised algorithm dealing with both the classification and regression tasks, yet it stands out when it comes to classification circumstances (38). In the realm of N-dimensional spaces, SVM algorithms aim to identify a hyperplane that optimally segregates the two classes. In simpler terms, if there are only two input features, this hyperplane reduces to a line if there are more features, it becomes a multidimensional plane. The ideal scenario occurs when the data are perfectly separable, resulting in maximum distance between the nearest class elements and the hyperplanes. SVM endeavors to approximate this scenario as closely as possible. Nonlinear SVM introduces different classes of manifolds as an alternative to hyperplanes, yet the underlying rule remains consistent.

While linear SVM kernels are commonly employed to delineate class labels using lines, not all datasets exhibit linear separability. Kernel functions address this challenge by projecting data points from the original space to a feature space, thereby enhancing separability. However, kernel functions have limitations; they may not be universally applicable across all datasets, and the transformation process itself can be computationally expensive, leading to heightened training and prediction costs.



3.4.10 K nearest neighbors classifier

The KNN algorithm is an extensively used procedure in ML for both the regression and the classification tasks (39). It derived its basis from the fact that similar values or labels are shared by the data points having related features. The entire training dataset is stored as a reference during the training stage. Distance between all training examples and input data points is computed while making predictions, characteristically Euclidean distance-like distance metric is selected. Afterward, the K nearest neighbors are identified by the algorithm based on their distances to the input data point. When it comes to classification tasks, the most common class label among the K neighbors is assigned by the KNN as the input data point's anticipated label. Furthermore, the value of the input data point is predicted by either calculating the weighted averages or the simple averages of K neighbors' target values for the regression tasks.



3.4.11 Naive Bayes

NB function operates on the principles of Bayes' theorem and adopts a conditional probability model. Its fundamental assumption is that every pair of features is independent (40). Employing a supervised learning approach, NB classifies outcomes. Notably, NB necessitates only a small amount of data to construct the model. In determining the probability of mode selection, it is assumed that mode choice adheres to a Gaussian distribution.



3.4.12 CatBoost classifier

CatBoost or Categorical Boosting, Yandex developed an open-source library, specifically tailored to address regression and classification challenges involving numerous independent features (41). A distinguishing feature of CatBoost is its capability to manage both categorical and numerical features seamlessly, eliminating the need for feature encoding techniques and thereby streamlining data preprocessing efforts. Moreover, CatBoost automatically scales all features internally to a suitable range, a feature absent in traditional boosting algorithms. The trained model's overall performance is augmented and faster convergence is facilitated by this.




3.5 Evaluation parameters

The proposed model's efficiency and reliability are ensured and demonstrated using various evaluation parameters like accuracy, recall, precision, F1 score, MCC, Kappa, and AUC are among the commonly utilized performance metrics to gauge the performance of similar models. These metrics are comprehensively used to evaluate the performance of the model across various aspects, allowing for a thorough assessment of its reliability and efficacy.

Accuracy is a metric linked to the model's ability to predict the results correctly (42). It is essential to first determine the true negatives (TN), false positives (FP), true positives (TP), and false negatives (FN) when computing accuracy. Using these elements, the following equation is used to calculate the accuracy.

[image: Accuracy is calculated as the number of correct predictions divided by the sum of correct and false predictions, as shown in Equation 4.]

This formula expresses accuracy as the sum of true outcomes (either positives and/or negatives) divided by the total number of observations (the sum of true positives, false positives, true negatives, and false negatives).

Precision, in the context of classification models, can indeed be computed by determining the proportion of correctly predicted to the total predicted positive observations (43). The equation to calculate precision is as follows.

[image: Precision formula: Precision equals true positives (TP) divided by the sum of true positives (TP) and false positives (FP), labeled as equation five.]

Furthermore, in order to demonstrate the number of genuine positive cases our model can predict accurately, we will calculate recall (44). Recall is determined by the ratio of correctly predicted positive observations to all observations in the actual class, as indicated by the following equation.

[image: Recall equals true positives divided by the sum of true positives and false negatives, labeled as equation six.]

Through the computation of precision and recall, we derive the F1 score, another valuable metric used for evaluating model performance (45). The F-score is obtained by taking the weighted average of precision and recall, as described by the following equation:

[image: Formula for F1 Score:   F1Score = 2 × (Precision × Recall) / (Precision + Recall), labeled as equation 7.]

The AUC assesses the quality of the model predictions, ranging from zero to one, where a score of 1 indicates the best performance and 0 indicates the worst (46). Furthermore, AUC reflects the degree of separability, elucidating the model's ability to differentiate between classes.

The Kappa is a statistics-based prominent evaluation metric denoted by k, which measures the reliability in relation to other evaluators or parameters (47). The following equation computes the value of k.

[image: Formula for kappa: \( k = \frac{{\text{{prob}}(O) - \text{{prob}}(C)}}{{1 - \text{{prob}}(C)}} \), labeled as equation 8.]

In this context, O represents the likelihood of observed agreements among the evaluators, while C signifies the prospect of agreements anticipated by chance. If k = 1, it indicates complete agreement among the evaluators, conversely, if k = 0, it suggests no agreement among the evaluators.

MCC is an unaffected and substitute measure for uneven datasets and employs a likelihood matrix method to calculate the Pearson product-moment correlation coefficient between predicted and actual values (48). Expressed in terms of the entries of the contingency matrix M, MCC is formulated as follows:

[image: Mathews correlation coefficient (MCC) formula: MCC equals TP times TN minus FP times FN divided by the square root of (TP plus FP) times (TP plus FN) times (TN plus FP) times (TN plus FN).]

The MCC is unique among binary classification metrics in that it yields a high score only when the binary predictor successfully predicts the majority of positive and negative data instances.




4 Experiments and analysis

The experiments were performed using Python 3.8, and TensorFlow and Scikit-learn libraries. The experimental setup operated with 8GB of available RAM, on Windows 10 (64-bit) operating system. The CPU utilized was 7th Gen, Intel Core i7 having a clock speed of 2.8 GHz, and an 8 GB, GTX 1060 GPU from Nvidia. Technical specifications of the computational resources deployed in research are crucial for the in-depth understanding of the model. Table 2 summarizes the experimental setup.


TABLE 2 Framework specifications.

[image: Table displaying system specifications: Programming environment is Python 3.8. Software libraries include Scikit-learn and TensorFlow. Operating system is Windows 10, 64-bit. RAM is 8GB. Processor is 7th Gen, Intel Core i7, 2.8 GHz. Graphics card is 8GB GTX 1060 from Nvidia.]


4.1 Results of machine learning models on CTG dataset for fetal health

Extensive experiments were conducted for fetal health detection, wherein various machine learning models were applied under different scenarios. These models were optimized concerning various hyperparameters for better performance. Furthermore, the results were examined by employing individual machine-learning models across all feature sets in the experiments. The results of all learning models are shared in Table 3.


TABLE 3 Classification report of all learning models.

[image: Table comparing machine learning models across various metrics. Models include LightGBM, CB, ETC, XGBoost, RF, GBC, DT, KNN, Ada, LR, SVM, and NB. Metrics cover accuracy, AUC, recall, precision, F1, Kappa, MCC, and training time. LightGBM has the highest accuracy of 0.9989 and lowest training time is NB at 0.1700 seconds. SVM shows an AUC of 0.0000.]

The provided information outlines the performance metrics of various machine learning models across multiple evaluation criteria. Each model undergoes assessment based on AUC, MCC, recall, precision, F1 score, accuracy, kappa score, and training time in seconds. These metrics collectively offer insights into how effectively each model performs in a classification task.

Beginning with the top-performing models, LightGBM achieves notable results with an accuracy of 99.89% and an AUC of 99.88%, showcasing its proficiency in correctly classifying instances and distinguishing between classes. Additionally, its recall, precision, and F1 score of 97.91% indicate its ability to identify positive instances accurately while minimizing false positives. Moreover, the kappa score and MCC of ~96.80% further validate the model's reliability. Similarly, the CatBoost classifier and ETC demonstrate strong performance with high accuracy of 97.66% and 97.62%, respectively, and AUC values of 99.84% and 99.87%, respectively. These models maintain recall, precision, and F1 scores above 97%, reflecting their effectiveness across various evaluation metrics. Despite slight variations in training times of 8.465 s for CatBoost and 0.938 s for ETC, both models exhibit robust performance in classification tasks.

The XGBoost and RF classifier also deliver commendable results with accuracy and AUC values exceeding 97% and 99%, respectively. Leveraging ensemble methods, these models harness multiple decision trees to achieve strong performance, as evidenced by their high recall, precision, and F1 scores. Furthermore, they boast reasonable training times, making them efficient choices for practical applications.

Descending through the list, the GBC, DT classifier, and KNN classifier demonstrate good performance with accuracy scores ranging from 96.47% to 95.10%. Although their AUC values are slightly lower compared to the top performers, they still exhibit respectable recall, precision, and F1 scores, underscoring their efficacy in classification tasks.

Further down the spectrum, the LR, SVM with a linear kernel, AdaBoost classifier, and NB show diminishing performance in terms of accuracy, AUC, and other evaluation metrics. While these models offer reasonable results, they may not be as suitable for tasks requiring high precision or discrimination between classes. Notably, the SVM with a Linear Kernel exhibits an AUC of 0.00%, indicating potential issues with its discriminative ability in the given dataset, highlighting the importance of meticulous model selection and parameter tuning to ensure optimal performance.

In summary, the data provides a comprehensive overview of the performance of different machine learning models in a classification task. Ensemble methods like LightGBM, CatBoost, ETC, XGBoost, and RF classifier excel in terms of accuracy, AUC, and overall robustness, as shown in Figure 4. However, the selection of a model should consider not only performance metrics but also dynamics like computational efficiency, interpretability, and explicit task specifications to ensure the most suitable model is chosen for deployment.


[image: ROC curve for LGBMClassifier shows class 0, 1, and 2 with AUC of one point zero. Both micro and macro-average ROC curves also have an AUC of one point zero, indicating excellent classifier performance.]
FIGURE 4
 ROC-AUC curve.


Figure 5 shows the class-wide prediction error rate from the proposed LightGBM model indicating that the model shows a similar performance for all the classes used for experiments. In addition, the number of wrong predictions is very few. The same can be confirmed by the confusion matrix shown in Figure 6 which shows the number of wrong predictions. The model makes a total of 15 wrong predictions indicating better performance of the proposed LightGBM compared to other models used in this study.


[image: Bar chart titled "Class Prediction Error for LGBMClassifier" showing the number of predicted classes versus actual classes. Three bars represent actual classes: blue for class 0, green for class 1, and red for class 2. Each bar reaches around 400 on the vertical axis, demonstrating prediction distribution with minimal error.]
FIGURE 5
 Analysis of error rate.



[image: Confusion matrix showing classification results with three categories: Normal, Suspect, and Pathological. True labels: Normal (320), Suspect (57), Pathological (28). Predicted as: Normal, Suspect, and Pathological. Includes color gradient from dark to light indicating frequency.]
FIGURE 6
 Confusion matrix for the LightGBM model.




4.2 Interpretation and explainable analysis of results using SHAP

In this subsection, we will discuss the LGBM model feature importance results and Exaplainable AI SHAP summary and dependency results of each class and analyze what each feature describes (49). The feature importance of the LGBM model is shown in Figure 7. The feature importance plot gives us an indication of which features have the most significant impact on the model's predictions. The interpretation of feature importance shown in Figure 7 is “abnormal_short_term_variability” feature has the highest importance score, meaning it has the most significant impact on predicting fetal health. Short-term variability in fetal heart rate is known to be a strong indicator of fetal distress or abnormal conditions. The “percentage_of_time_with_abnormal_long_term_variability” is another key feature, which likely tracks the percentage of time during which the fetal heart rate exhibits abnormal long-term patterns. Long-term variability is crucial for assessing the fetus's health. Other features like “histogram_mean,” “histogram_number_of_peaks,” and “baseline_value” are related to heart rate statistics and also play a significant role in classification. They likely capture the overall distribution and trends in fetal heart rates, which are critical for monitoring fetal wellbeing. Other notable features include “histogram_max,” “mean_value_of_short_term_variability,” and “uterine_contractions.” All of these are highly relevant to assessing the fetus's response to external stimuli or stress during pregnancy.


[image: Bar chart titled "LightGBM Feature Importance" showing the importance of features for a model. The top feature is "abnormal_short_term_variability" with a score of 1187, followed by "percentage_of_time_with_abnormal_long_term_variability" at 954. Other features include "histogram_mean," "histogram_number_of_peaks," and "uterine_contractions," with decreasing importance.]
FIGURE 7
 Feature importance of LightGBM model.


The SHAP plots allow us to interpret how each feature impacts individual predictions. Positive SHAP values push the model toward predicting a certain class (e.g., a good fetal condition), while negative values push toward the opposite class. The color gradient (red to blue) represents the feature value, with red indicating high feature values and blue indicating low feature values. Again the importance feature “abnormal_short_term_variability” high values (in red) tend to increase the SHAP value, pushing the model toward predicting abnormal fetal health. This aligns with clinical knowledge, as greater variability is often indicative of fetal distress. The second-ranked feature “percentage_of_time_with_abnormal_long_term_variability” high values of long-term variability push the model toward predicting abnormal conditions. The features “prolongued_decelerations” and “accelerations” in fetal heart rate are critical markers for predicting fetal health. In this case, abnormal values increase the likelihood of predicting fetal issues. It can also be observed from Figure 8, where overall SHAP summary is explained that the lower impact features are “histogram_mean,” “baseline_value,” and “histogram_median” have more nuanced impacts. Their effects are smaller but still crucial for the model. For example, a low “baseline_value” (blue dots) typically pushes the model toward predicting normal fetal health, while higher baseline values (red dots) lean toward predicting abnormality.


[image: Bar chart showing the average impact on model output magnitude for various features. Features like mean value of short-term variability and abnormal short-term variability have high values, with different impacts indicated by colors representing Class 0 (blue), Class 1 (pink), and Class 2 (green).]
FIGURE 8
 Overall summary of SHAP XAI.


If we compare SHAP pathological (Figure 9) vs. SHAP suspect (Figure 10), comparing the two SHAP plots, we see similar features driving predictions, with slight differences in order. This likely reflects different aspects of the model's behavior under various conditions (e.g., distinguishing between normal and abnormal health states). The interaction between features (such as short-term variability with other heart rate metrics) also becomes evident in these plots. The sHAP explanation of the normal target class is shown in Figure 11.


[image: SHAP (Shapley Additive Explanations) summary plot showing the impact of various features on model output. Features are listed vertically, such as mean value of short term variability and accelerations. Horizontal axis represents SHAP values, indicating feature impact. Red dots signify high feature values, while blue dots represent low feature values, with a gradient indicating intermediate values. The spread of dots shows the distribution of SHAP values for each feature, visualizing the influence on the model's predictions.]
FIGURE 9
 SHAP summary of pathological class.



[image: Dot plot showing the impact of various features on a model's output using SHAP values. Features include histogram mean, abnormal short-term variability, and more, with color gradients from blue (low) to red (high) indicating feature value.]
FIGURE 10
 SHAP summary of suspect class.



[image: SHAP value summary plot illustrating the impact of various features on a model's output. Features include mean and abnormal variability, accelerations, and decelerations among others. Colors range from blue for low values to pink for high values, showing the spread and influence of each feature on predictions.]
FIGURE 11
 SHAP summary of normal class.




4.3 K-fold cross-validation results

The proposed model's performance is validated using ten-fold validation. Its purpose is to validate and ascertain the robustness of the generated results by the recommended model. The cross-validation process ensures the performance consistency of the model across all data subsets. In this study, 10-fold cross-validated results are summarized in Table 4. The suggested LGBM model exhibits a 97.91% average accuracy score in cross-validation results. Additionally, the average recall, precision, and F1 scores are found to be 97.91%, 97.93%, and 97.91%, respectively. In 10-fold cross-validation, LGBM also attains an AUC value of 99.88%, Kappa score of 96.86, and MCC of 96.88. The standard deviation of accuracy for LGBM across the 10 folds is calculated to be 0.0088.


TABLE 4 10-fold cross-validation results concerning various metrics.

[image: A table presents performance metrics across 10 folds for a model, including accuracy, AUC, recall, precision, F1, Kappa, and MCC. Each fold shows high values, with mean accuracy of 0.9791, AUC of 0.9988, and standard deviation values included.]



4.4 Comparison of performance with existing studies

The recommended prototype's performance is evaluated against previous advanced models by conducting a performance comparison in-between them. To demonstrate the performance of the projected model in comparison to previous advanced models, a comparison with existing models is conducted. This research selects the nine most relevant previous studies for this purpose. For instance, Yin and Bingi (17) utilized the SVM ML model for fetal health classification, and a 99.59% impressive accuracy score was obtained. In another study (23), the GBC was employed, achieving the highest accuracy score of 95%. T2-FNN was utilized by Abiyev et al. (18), resulting in an accuracy score of 96.66%. Additionally, Sudharson et al. (26) utilized DT resulting in 90.8% accuracy. Likewise, Afridi et al. (24) and Salini et al. (25) utilized the RF model and NB models, with 93% and 83.06% accuracy, respectively. Table 5 illustrates the performance comparison between the proposed model and existing studies, revealing the superiority of the proposed model.


TABLE 5 Performance comparison with existing studies.

[image: Table listing different classifiers, their references, and accuracies. The highest accuracy is 99.89% for LGBM, noted as the proposed model. Other classifiers include SVM, XGB, AlexNet-SVM, and more, with accuracies ranging from 83.06% to 99.72%. Bold indicates superior performance of the proposed model compared to state-of-the-art models.]

When we compare the proposed LightGBM model with the traditional approaches and potential models used for fetal health monitoring, several benefits of the proposed model can be observed. In terms of real-time performance and computation, LightGBM has proved to be faster than other models such as SVM, AlexNet, RF, FNN, and XGBoost utilized in previous research works. This also gives it an advantage in dealing with diverse numerical feature datasets which is a crucial area of consideration given the ever-increasing nature of medical data. LightGBM's built-in regularization mechanisms help prevent overfitting, ensuring strong generalization to unseen data. The model also provides a detailed feature importance analysis itself and through techniques such as SHAP thereby helping clinicians understand the model's decisions. In this research work, we utilized and shared both information (obtained through the feature importance of LGBM and by SHAP dependency graphs). As opposed to most of the other frameworks, LightGBM can identify rather intricate interactions between specific fetal health characteristics and other factors and has good generality. Furthermore, it reduces human error in prognosis analysis by detecting subtle variations that may be missed during manual assessments, leading to more accurate diagnoses. This combination of efficiency, accuracy, and interpretability makes the proposed model superior to existing clinical standards and machine learning models.



4.5 Ethical implications, deployment, biases, and data privacy

AI models like LightGBM can introduce biases if the training data is not representative of diverse populations, potentially leading to misdiagnoses or unequal healthcare outcomes. Ensuring diversity in datasets, conducting bias audits, and employing fairness metrics are essential steps to mitigate these risks. Additionally, privacy concerns must be addressed by anonymizing patient data, adhering to regulations like HIPAA or GDPR, and implementing secure data handling practices.

Ethical deployment of AI models requires transparency, explainability, and human oversight. Clinicians should understand how the model makes decisions through tools like SHAP plots, and AI should support (like we have added SHAP plots and feature importance) rather than replace human judgment. Regular monitoring and validation of the model's performance in real-world settings ensure safety and accuracy over time. By incorporating these measures, any research can demonstrate a responsible and ethical approach to AI in fetal and maternal health monitoring.



4.6 Implications of proposed approach concerning traditional clinical methods

Traditional clinical methods emphasize diagnosis, prognosis, and treatment (50). Diagnosis has been regarded as the primary element in clinical methods providing classification of subjects into sick and healthy subjects. It is the basis for treatment and prognosis where prognosis determines the future happenings of individuals being classified (51). While all components are important, this study focuses on the diagnosis part of traditional clinical methods due to its importance.

It is important to emphasize that the proposed LightGBM model has been developed with input from a medical professional, a consultant gynecologist who guided the research design. According to her insights, traditional clinical standards such as differential diagnosis methods and prognosis analysis are commonly used by obstetricians and gynecologists. However, these methods are often labor-intensive and prone to human error, particularly when it comes to analyzing complex data over extended periods. The proposed AI-driven model aims to reduce such errors by providing more precise and automated decision support, which can help in the earlier detection of potential complications.

Another doctor highlighted that cardiotocography and ultrasound analysis, despite being widely adopted in fetal monitoring, can sometimes miss critical diagnostic points. Both the patient and doctor might overlook subtle but important signs, leading to potential complications. The integration of LightGBM and data mining techniques offers an opportunity to enhance these traditional methods by identifying patterns that might go unnoticed during manual assessments. This model can therefore supplement traditional approaches, making fetal health monitoring more accurate and less prone to human oversight.




5 Conclusions and future work

Fetal health monitoring has substantial importance in saving the lives of pregnant women and fetuses. This research underscores the paramount importance of fetal health in prenatal care and obstetrics, emphasizing its direct impact on both the fetus and the mother. Through continuous monitoring throughout pregnancy, potential risks or complications can be identified and addressed promptly, leading to improved outcomes for both parties. Leveraging cardiotocography data, which encompasses crucial fetal physiological parameters, this study employs a robust methodology for fetal health classification. The utilization of the SMOTE data upsampling technique addresses the class imbalance issue inherent in medical diagnostics, enhancing the model's performance. By employing the LightGBM model, remarkable results are achieved, with high accuracy, AUC, recall, precision, F1 score, Kappa, and MCC values obtained on the test dataset. Comparative analysis against eleven other machine learning models highlights the superiority of the proposed approach in fetal health classification. Furthermore, the significance of the proposed model is investigated through rigorous evaluation using a 10-fold cross-validation and previous research works comparison. Overall, this research contributes to advancing prenatal care by providing an effective and reliable framework for fetal health assessment and classification. The future work direction of this research is to incorporate additional data sources such as ultrasound images, maternal health records, and genetic information as it could provide a more comprehensive understanding of fetal health and improve classification accuracy. In addition, enhancing the interpretability and explainability of the classification model could improve its acceptance and adoption by healthcare providers, facilitating better-informed clinical decisions.
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Background: Polycyclic aromatic hydrocarbons (PAHs) are a class of large organic compounds that persist in the environment and are classified as an important subset of persistent organic pollutants (POPs). This study aimed to assess PAH exposure in pregnant women and newborns in Haikou City, China, and evaluate their impact on glycolipid metabolism.
Methods: A total of 300 pregnant women and their newborns were selected for the study between May 2022 and December 2023. Data on lifestyle and dietary habits were collected, and PAH levels in venous blood and umbilical cord blood were measured using gas chromatography-mass spectrometry. Glycolipid metabolism indicators, including fasting plasma glucose (FPG), triglycerides (TG), total cholesterol (TC), high-density lipoprotein (HDL), and low-density lipoprotein (LDL), were also measured. Correlation and regression analyses were conducted to explore the relationships between PAH exposure and metabolic indicators.
Results: Thirteen PAHs were detected in both maternal and cord blood. The median concentrations of ΣPAHs (the total concentration of the 16 detected PAHs) were 11.211 μg/L in maternal blood and 10.921 μg/L in newborns. Significant correlations were observed between PAH exposure and glycolipid metabolism, with PAH exposure linked to reduced levels of TC and TG. Factors such as proximity to roads, cooking fuel type, and dietary habits influenced PAH levels. Higher education levels were associated with lower PAH concentrations, whereas living near roads and using gas as cooking fuel increased exposure.
Conclusion: There is a notable risk of PAH exposure in pregnant women and newborns in Haikou, influenced by environmental and lifestyle factors. PAH exposure during pregnancy may affect glycolipid metabolism in both mothers and newborns, highlighting the need for interventions to reduce exposure.
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Introduction

Polycyclic aromatic hydrocarbons (PAHs) are a class of large organic compounds composed of 2–7 fused aromatic rings. They are primarily formed through the incomplete combustion of fossil fuels, biomass, and other organic materials. PAHs have garnered significant attention due to their persistence in the environment and their classification as a critical subset of persistent organic pollutants [POPs; (1, 2)]: the compounds are highly stable in the environment, and their hydrophobic nature enables them to persist in soils, sediments, and water bodies. They can also bind to atmospheric particulate matter, facilitating their long-range atmospheric transport (LRAT) across national borders. This phenomenon has been observed in remote regions such as the Arctic and Antarctic (3), where PAHs have accumulated, serving as “cold reservoirs” for POPs (4, 5). The U.S. Environmental Protection Agency (EPA) has identified 16 PAHs as priority pollutants, highlighting their potential health risks and the need for regulatory control (6). Their widespread distribution, combined with their tendency to bioaccumulate, makes PAHs a significant global public health concern.

Human exposure to PAHs occurs through various routes, including inhalation of polluted air, ingestion of contaminated food or water, and dermal contact with PAH-containing materials. As a result, PAHs are ubiquitous in human organs and have been detected in the urine, blood, and hair of the general population (7, 8). This widespread exposure is primarily attributed to the presence of PAHs in traffic-related air pollution, industrial emissions, and the combustion of biomass and fossil fuels. For individuals living in urban environments or near industrial zones, exposure is often unavoidable, resulting in both chronic and acute health risks, including respiratory disorders, cardiovascular diseases, and immunosuppression (9). Moreover, certain PAHs, such as benzo[a]pyrene, are recognized carcinogens, and long-term exposure is associated with an increased risk of developing cancers, particularly lung, skin, and bladder cancer.

The endocrine-disrupting potential of PAHs is also a critical concern for public health systems. As members of a class of chemicals known as endocrine-disrupting chemicals (EDCs), PAHs can interfere with the body's hormonal system by binding to hormone receptors or altering hormone production and metabolism. This disruption can result in a wide range of health issues, including reproductive harm, developmental disorders, metabolic diseases, and cancer (10). Moreover, PAH exposure may indirectly affect blood lipid levels through intermediate mechanisms such as inflammation and oxidative stress (11). For example, environmental PAHs have been shown to exert toxic effects on nuclear receptor signaling, disrupt endogenous metabolism, and induce cellular stress (12). PAHs are particularly concerning because they can cross the placental barrier, exposing fetuses to these chemicals during critical windows of development. Prenatal exposure to PAHs has been linked to various developmental issues, including lower birth weight, reduced head circumference, and impaired neurological function (13, 14). These findings underscore the importance of studying PAH exposure during pregnancy and its potential long-term effects on both maternal and fetal health.

Pregnant women are particularly susceptible to environmental pollutants due to the physiological changes that occur during pregnancy (13, 14). Increased metabolic activity and blood flow during gestation can enhance the absorption and distribution of PAHs within the body. Additionally, hormonal fluctuations during pregnancy may influence the metabolism of PAHs, potentially increasing their bioactivation and toxicity. Consequently, pregnant women exposed to PAHs may experience disruptions in metabolic processes, particularly glycolipid metabolism, which regulates blood sugar and lipids—processes essential for maintaining energy balance and overall health. Disruptions in glycolipid metabolism during pregnancy can lead to complications such as gestational diabetes and dyslipidemia, which, in turn, elevate the risk of adverse pregnancy outcomes (13, 14).

Hainan Island, located at the southernmost tip of China, offers a unique environment for studying the effects of PAHs on human health. With its tropical climate and rapid urbanization, the island faces significant environmental pollution challenges, particularly in its capital city, Haikou—a major shipping hub and economic center—which has led to increased emissions from industrial activities and traffic. Despite being surrounded by the sea and generally having excellent air quality, PAHs were detected in atmospheric PM2.5 samples collected in Haikou, with the exception of fluorene (Flu). Among the detected compounds, four-ring PAHs accounted for the highest proportion (15). PAHs are commonly found in marine environments. High molecular weight PAHs (also known as high-ring PAHs, containing 4–7 benzene rings) tend to adhere to particle surfaces and settle into sediments, whereas low molecular weight PAHs (low-ring PAHs, containing 2–3 benzene rings) are absorbed by aquatic organisms through various exposure pathways, including inhalation, skin contact, and ingestion. These compounds can cause both acute and chronic toxic effects (16). In Hainan's Yangpu Bay and Haikou Bay, low molecular weight PAHs, such as naphthalene, fluorene, phenanthrene (Phe), and acenaphthene, primarily derived from petroleum hydrocarbon contamination, dominate in seawater and sediments (17, 18). PAHs have been detected in various marine products from Hainan, including fish, shrimp, crabs, and shellfish. Among these, three-ring PAHs are the most prevalent, accounting for 41.58% to 83.35% (19, 20). Among the 16 PAHs detected, phenanthrene and naphthalene are the most abundant in coral tissue. PAHs in aquatic organisms can enter the human body through the food chain. Additionally, remote transfer via atmospheric currents and sea-air transport contributes to the widespread exposure to PAHs in Hainan. Studies have demonstrated that PAH levels in pregnant women and newborns are primarily influenced by factors such as the distance between their residences and roads, indoor ventilation conditions, and cooking methods during pregnancy. Similar findings have been observed in other inland cities in China, such as Urumqi in Xinjiang, further confirming that traffic emissions are a significant source of human exposure to PAHs. Haikou, the capital of Hainan Province and a key water and land transportation hub, has been found to contain PAHs in nearby water bodies and aquatic organisms. However, whether the PAHs detected in humans are directly related to those in the aquatic environment and organisms remains to be further investigated.

In this study, we aimed to provide valuable insights into the exposure of pregnant women and newborns in Haikou to PAHs, focusing on their internal PAH burden and the effects of PAHs on glycolipid metabolism. By assessing PAH levels in maternal and neonatal blood samples, the study seeks to identify sources of PAH exposure in subtropical island climates and evaluate their potential impact on maternal and fetal health. Understanding these relationships is essential for developing strategies to reduce PAH exposure and mitigate its harmful effects on vulnerable populations, particularly pregnant women and their offspring.



Methods


Study subjects

A total of 300 pairs of pregnant women and their newborns, admitted to Haikou Hospital affiliated with the Xiangya School of Medicine at Central South University between May 2022 and December 2023, were included in this study. According to the 2018 statistical yearbook, there were 134,700 newborns in Hainan Province. Haikou City, with a permanent resident population of 2.3023 million (accounting for 24.6% of Hainan Province's total population of 9.3432 million), was estimated to have ~33,000 newborns that year. In a preliminary study of non-occupationally exposed women, the concentration of 1-hydroxypyrene was 0.042 ± 0.4 μg/mmol Cr. Using this data, the sample size for the current study was determined based on the formula for cross-sectional surveys, calculated with PASS software, to be 300.

The inclusion criteria was as followings: (1) Pregnant women aged 18 years or older. (2) Permanent residents of Haikou (residing for more than 1 year). (3) No history of smoking or alcohol consumption. (4) Consent to provide relevant biological samples for the study and willingness to cooperate with researchers, including providing personal contact information. (5) Singleton full-term delivery. Participants were excluded if they met any of the following criteria: (1) History of acute or chronic illnesses such as hypertension, diabetes, or coronary heart disease. (2) Diagnosis of gestational diabetes or gestational hypertension during pregnancy. (3) History of hereditary or infectious diseases. (4) History of stillbirth, miscarriage, or medication use.

Data collected from all participants included age, ethnicity, health status, family history, reproductive history, household fuel use, heating methods, and dietary habits. Biological samples were obtained, including peripheral venous blood from the mothers and umbilical cord blood from the newborns. The study was conducted with the approval of the Ethics Committee of Hainan Academy of Medical Sciences (HYLL-2021-108). All participants provided written informed consent, and all procedures adhered to the principles outlined in the Declaration of Helsinki.



Blood sample collection and processing

Peripheral venous blood (10 mL) from pregnant women and umbilical cord blood (10 mL) from newborns were collected by a professional nurse using EDTA anticoagulation tubes. The samples were centrifuged within 30 min of collection at 3,500 rpm for 5 min, and the supernatant (plasma) was transferred to cryovials using a micropipette and stored at −80°C.



Detection of PAH levels

A mixed standard solution of 16 PAHs (ultra-pure, provided by Aladdin, Tianjin, China) and a gas chromatography-tandem triple quadrupole mass spectrometer (TSQ9000, Thermo Fisher Scientific, USA) were used to detect PAH levels in maternal venous blood and newborn umbilical cord blood through gas chromatography-mass spectrometry (GC-MS). Serum samples were thawed at room temperature before analysis, and 4 mL of a 0.4 mol/L sodium hydroxide ethanol-water solution was prepared for the procedure. In brief, 500 μL of serum was mixed with 4 mL of sodium hydroxide ethanol-water solution and incubated in a water bath at 60°C for 30 min. Next, 3 mL of n-hexane was added for liquid-liquid extraction, and the organic layer was concentrated to 0.5 mL using a nitrogen blow-down apparatus. The residue was then reconstituted to 1 mL with n-hexane and transferred to sample vials for GC-MS analysis. If the concentration of a detected compound was below the minimum detection limit, it was recorded as 0. Detailed GC-MS parameters for the 16 PAHs are provided in Supplementary Table 1.

The quality control of the detection was performed as followings: before each GC-MS analysis, automatic tuning of the mass spectrometer (MS) was performed. The GC and MS were then set to the operating conditions specified by the analytical method and placed in standby mode. A 1.0 μL sample of n-hexane was injected directly into the GC injection port, and the analytical method was run until the n-hexane peak appeared. The ion abundance of its mass fragments was required to meet specified criteria, with a stable baseline and no extraneous peaks. If these conditions were not met, the ion source of the mass spectrometer was cleaned. For each batch of samples (up to 20), a blank experiment was conducted. The concentration of target compounds in the blank results was required to be below the method detection limit. If it exceeded the limit, the reagent blank, instrument system, and pretreatment process were inspected. Each batch of samples (up to 20) included one pair of parallel samples. The relative deviation between the parallel sample measurements was required to be <30%.



Measurement of 8-OHdG levels

An enzyme-linked immunosorbent assay (ELISA) was used to measure the levels of 8-OHdG in maternal plasma and newborn umbilical cord blood serum. The process followed the manufacturer's instructions for the ELISA kit: briefly, the samples were thawed at 4°C for 30 min and centrifuged at 3,000 rpm and 4°C for 5 min, retaining the supernatant. For standard wells, 50 μL of standards at different concentrations were used, while 40 μL of sample diluent and 10 μL of the sample were added to the sample wells. The plate was incubated at 37°C for 60 min. A 20-fold diluted washing solution was used to wash the wells five times, with 350 μL added per wash and a 30-s standing period before discarding. Afterward, 50 μL each of Color Reagents A and B were added, incubated at 37°C for 15 min, and the reaction was stopped with 50 μL of Stop Solution. A standard curve was plotted using OD values and standard concentrations, and sample concentrations were calculated by substituting measured OD values into the regression equation, with final concentrations adjusted by the dilution factor.



Measurement of glucose and lipid metabolism

Fasting blood glucose (FBG) concentrations were measured using a glucose oxidase ELISA kit, while triglycerides (TG), total cholesterol (TC), high-density lipoprotein (HDL), and low-density lipoprotein (LDL) levels in maternal plasma were analyzed with a biochemical analyzer (Mindray BS-380, China).

Gestational diabetes was diagnosed based on the International Association of Diabetes and Pregnancy Study Groups (IADPSG) criteria, with FBG levels ≥5.1 mmol/L (21). Dyslipidemia was defined according to the 2016 Chinese guidelines for the prevention and treatment of adult dyslipidemia, with normal ranges as follows: TG < 2.26 mmol/L, TC < 6.22 mmol/L, LDL < 4.14 mmol/L, and HDL ≥ 1.04 mmol/L.



Statistical analysis

Data entry was conducted using Epidata 3.1 with double-entry verification, and statistical analysis was performed with SPSS 25.0. Quantitative data were expressed as mean ± standard deviation and compared using t-tests, while categorical data were analyzed using chi-square tests. Spearman correlation analysis examined associations between variables such as PAH and 8-OHdG levels, and multiple linear regression identified influencing factors. Statistical significance was defined as α = 0.05.




Results


General conditions and pregnancy lifestyle of pregnant women in Haikou city

The study included 300 pairs of pregnant women and their newborns. The age of the pregnant women ranged from 18 to 44 years, with a mean age of 31 years. Most participants (94.0%) were of Han ethnicity, while 6.0% belonged to minority groups. Regarding education, 7.9% had attained a college degree or higher (Table 1). The majority of women lived in homes that had not been recently renovated, used gas or natural gas for cooking, and reported good ventilation. A significant proportion resided near roads, though few lived close to industrial sites or waste treatment facilities. In terms of dietary habits, most consumed fruits and vegetables daily, while seafood and meat were consumed less frequently. Fried or grilled foods were largely avoided, and nearly all participants drank tap water. Detailed information on lifestyle factors is provided in Tables 2, 3.


TABLE 1 General demographic characteristics and assignments of pregnant women in Haikou (n = 300).

[image: Table displaying demographic characteristics. Age: 18 (55 cases, 18.3%), 27 (84 cases, 28.0%), 31 (84 cases, 28.0%), 35-44 (77 cases, 25.7%). Education: Junior high or below (88 cases, 30.4%), High school (179 cases, 61.7%), College (18 cases, 6.2%), Graduate (5 cases, 1.7%). Ethnicity: Han (282 cases, 94.0%), Others (18 cases, 6.0%). Note: 10 cases missing for education.]


TABLE 2 Living and environmental conditions during pregnancy in Haikou pregnant women (n = 300).

[image: Table displaying characteristics related to environmental exposures during pregnancy. It includes categories like cooking method, home renovation, distance from road, time spent on road, waste facility presence, chemical plants, ventilation conditions, and carpet presence. Each category details classification (e.g., induction cooker, gas), assignment values, number of cases, and proportions in percentages. Some rows note missing cases.]


TABLE 3 Dietary conditions during pregnancy in Haikou pregnant women (n = 300).

[image: Table detailing pregnancy dietary habits and their classifications, with assignments, number of cases, and proportions. Categories include seafood, meat, bean and dairy products, vegetable and fruit, egg, fried or grilled food, water source, and tea consumption. Each category lists consumption frequency as every day, frequently, rarely, or none, with corresponding data. Missing case numbers are noted for each category.]



PAH levels in pregnant women's venous blood and newborn cord blood

Among the 16 types of PAHs initially analyzed, 13 were detected in both maternal and newborn samples. Certain PAHs, including anthracene (Ant) and phenanthrene (Phe) were present in 100% of maternal blood samples (Table 4). In contrast, some PAHs, such as dibenz[a,h]anthracene (DahA), had much lower detection rates, with only 31% of maternal samples testing positive (Table 4). A similar detection profile was observed in newborn cord blood, where PAHs like anthracene and phenanthrene were detected in all samples, whereas others, such as dibenz[a,h]anthracene, were found in only 19.7% of cases (Table 4). Phenanthrene exhibited the highest median concentration among the detected PAHs, with levels of 1.837 μg/L in maternal venous blood and 1.768 μg/L in newborn cord blood (Table 4). In contrast, dibenz[a,h]anthracene showed the lowest concentrations, often being undetectable or present only at trace levels (Table 4). Other PAHs, such as benzo[a]pyrene (BaP) and benzo[b]fluoranthene (BbFA), demonstrated high detection rates, approaching 99.0% in both maternal and cord blood samples, highlighting widespread exposure among the study population (Table 4).


TABLE 4 PAH levels in venous blood of pregnant women and umbilical cord blood of newborns in Haikou and related correlation coefficients (rs; n = 300).

[image: Table comparing the detection rates, concentrations, and extreme values of various polycyclic aromatic hydrocarbons (PAHs) in venous blood and umbilical cord blood. The PAHs listed include Acenaphthylene, Acenaphthene, Anthracene, Benzo[a]anthracene, Benzo[a]pyrene, among others. Detection rates vary, with some compounds not detected, and concentration ranges are provided for each compound in both blood types.]

The total concentration of PAHs (ΣPAHs, the total concentration of the 16 PAHs tested) in maternal blood was positively correlated with the concentrations of specific PAHs in newborn cord blood, including benzo[a]pyrene, benzo[b]fluoranthene, and benzo[k]fluoranthene (Table 4; Figure 1). Conversely, a negative correlation was observed between maternal PAH concentrations and certain PAHs in cord blood, such as chrysene (Chr) and benzo[a]anthracene (BaA; Table 4; Figure 1). These findings indicate a strong relationship between maternal PAH exposure during pregnancy and newborn exposure, likely due to the transplacental transfer of these compounds.


[image: Correlation matrix heatmap displaying relationships among various polycyclic aromatic hydrocarbons (PAHs). Correlation values range from -1 to 1, with a color gradient from blue (negative correlation) to red (positive correlation). Labels of PAHs are listed along the x and y axes, showing individual correlation values within each cell.]
FIGURE 1
 Correlation analysis of the PAH levels in venous blood and in umbilical cord blood. Blue represents PAH level in venous blood. Red represents PAH levels in umbilical cord blood. *P < 0.05, **P < 0.01, ***P < 0.001.


The analysis revealed that certain PAHs in maternal blood, such as acenaphthylene and benzo[a]anthracene, were negatively correlated with their concentrations in newborn cord blood, while others, including benzo[a]pyrene, exhibited a positive correlation (Table 4; Figure 1). These findings suggest a complex interaction between maternal PAH exposure and placental transfer mechanisms, which influence the distribution of these compounds in the fetus.



Factors influencing PAH concentration in pregnant women's blood

Several factors were identified as influencing PAH concentrations in maternal blood, including time spent near roads, the presence of carpets in the home, and the mothers' educational background (Table 5). Higher PAH concentrations were associated with more time spent near roads and the presence of household carpets. In contrast, higher educational attainment was linked to lower PAH levels. Additionally, increased consumption of fruits and vegetables during pregnancy was correlated with reduced maternal PAH concentrations. Detailed information on these influencing factors is provided in Table 5.


TABLE 5 Multiple linear regression analysis of PAH concentrations in venous blood of pregnant women in Haikou (n = 300).

[image: Table showing the relationship between different types of polycyclic aromatic hydrocarbons (PAHs) and various variables. Columns include types of PAHs, variables, beta (β) coefficients, standard deviations (SD), t-values, and p-values. Variables relate to daily activities, home features, and demographics, affecting PAHs such as acenaphthylene, benzo[a]pyrene, and naphthalene, among others. Significant p-values are highlighted in the context of their influence on health during pregnancy.]



8-OHdG metabolism levels and their correlation with PAH levels

The median 8-OHdG level in maternal blood was 56.5 ng/mL, while newborn cord blood had a median of 54.0 ng/mL, indicating oxidative stress in both groups. No significant correlation was found between PAH concentrations and 8-OHdG levels in maternal blood. However, in newborn umbilical cord blood, significant positive correlations were observed between several PAHs—including dibenz[a,h]anthracene (DahA), fluoranthene (FLa), indeno[1,2,3-cd]pyrene (InP), and pyrene (Pyr)—and 8-OHdG levels (Table 6). This suggests that PAH exposure during pregnancy contributes to oxidative stress in newborns. This heightened fetal vulnerability highlights the importance of minimizing PAH exposure during pregnancy to protect against oxidative damage and its potential long-term health consequences for the child.


TABLE 6 Correlation between PAHs exposure levels in venous blood of pregnant women and umbilical cord blood of newborns in Haikou and 8-OHdG levels (n = 300).

[image: Table showing the correlation of various polycyclic aromatic hydrocarbons (PAHs) with 8-OHdG in venous and umbilical cord blood. It lists PAHs such as acenaphthylene, anthracene, and benzo[a]pyrene, along with their correlation coefficients (rs) and p-values. The footnotes indicate the type of correlation for each blood type.]



Blood glucose and lipid metabolism in pregnant women and newborns

As shown in Table 7, triglyceride (TG) levels in maternal blood were negatively correlated with those in newborn blood, suggesting a potential inverse relationship in metabolic function between mothers and their newborns. Other metabolic markers, including total cholesterol, fasting blood glucose, and HDL cholesterol, were also analyzed, further confirming the negative association between TG levels in maternal and newborn blood (Table 7).


TABLE 7 Glucose and lipid metabolism levels in venous blood of pregnant women and umbilical cord blood of newborns in Haikou and related correlation coefficients (rs; n = 300).

[image: Table comparing venous blood and umbilical cord blood for various substances. FPG: 4.215 vs 3.700; TC: 6.600 vs 1.665; TG: 3.530 vs 0.400; HDL: 1.825 vs 0.880; LDL: 2.980 vs 0.460. Correlation coefficients (rs) and p-values are included, showing significance for TG with rs −0.121 and p 0.041.]



Correlation between PAH and 8-OHdG levels and metabolic levels

Further analysis revealed that increased PAH exposure was associated with adverse effects on glucose and lipid metabolism in pregnant women (Figure 2). Higher PAH concentrations showed negative correlations with key metabolic indicators, including total cholesterol, triglycerides, and HDL cholesterol (Figure 2). Similar trends were observed in newborns, where certain PAHs were weakly correlated with lower levels of metabolic markers such as fasting glucose and HDL cholesterol (Figure 3). However, no significant correlations were identified between glucose and lipid metabolism and 8-OHdG levels in either maternal or newborn blood samples (Table 8).


[image: Heatmap illustrating the correlation coefficients between various compounds and lipid profiles, labeled FPG, TC, TG, HDL, and LDL. Positive correlations are shown in red and negative correlations in blue. The intensity of color represents the strength of the correlation, ranging from \(-0.3\) to \(0.3\). Each cell includes the numeric correlation value.]
FIGURE 2
 Correlation analysis of the indicators related to glycolipid metabolism PAH levels in venous blood. *P < 0.05, **P < 0.01, ***P < 0.001.



[image: Correlation heatmap showing relationships between five health parameters (FPG, TC, TG, HDL, LDL) and 14 different chemical compounds. The colors range from blue to red, indicating negative to positive correlations, with numerical values provided in each cell. A color scale on the right indicates correlation strength from negative one to positive one.]
FIGURE 3
 Correlation analysis of the indicators related to glycolipid metabolism PAH levels in umbilical cord blood. *P < 0.05, **P < 0.01, ***P < 0.001.



TABLE 8 Multiple linear regression analysis of 8-OHdG concentration in venous blood of pregnant women and umbilical cord blood of newborns in Haikou (n = 300).

[image: Table showing correlations between glucose and lipid metabolism indicators and 8-OHdG levels in venous blood and umbilical cord blood. Indicators include FPG, TC, TG, HDL, and LDL. Each has correlation coefficients (rs) and P values. Notes indicate what each correlation refers to.]




Discussion

The current study investigated PAH exposure among pregnant women and newborns in Haikou, China, with a particular focus on its potential effects on maternal and neonatal health, specifically glucose and lipid metabolism. Thirteen different PAHs were detected in both maternal venous blood and neonatal umbilical cord blood, with notable exceptions such as acenaphthene, benzo[a]pyrene, and fluorene, which were not detected in either sample. These findings underscore a significant exposure risk for pregnant women and their newborns in Haikou, driven primarily by various environmental and lifestyle factors.

Polycyclic aromatic hydrocarbons, known for their toxic properties, are introduced into the environment through various sources, including tobacco smoke, vehicle exhaust, grilled and charred foods, industrial emissions, and natural events such as forest fires and volcanic activity (22–24). The study highlighted that PAH concentrations in pregnant women's blood were influenced by factors such as proximity to major roads, cooking methods, and dietary habits during pregnancy, particularly the consumption of fruits and vegetables. High-temperature cooking methods, including grilling, roasting, and frying, were identified as significant contributors to increased PAH exposure. Traditional Chinese cooking, which often involves temperatures exceeding 200°C, can lead to the breakdown of unsaturated fatty acids in oils and foods, thereby generating PAHs (25). These findings underscore the critical role of lifestyle choices, especially dietary habits and cooking methods, in determining PAH exposure levels during pregnancy.

We also explored the relationship between PAH exposure and metabolic indicators. A weak negative correlation was observed between the concentration of certain PAHs, such as indeno[1,2,3-cd]pyrene, and fasting plasma glucose (FPG) levels in maternal blood. This finding suggests that PAHs may interact with metabolic processes in pregnant women, potentially influenced by the physiological insulin resistance characteristic of pregnancy. The study further hypothesized that elevated estrogen levels during pregnancy might play a protective role in regulating glucose metabolism. As estrogen levels increase, particularly after 20 weeks of gestation, they enhance the function of pancreatic beta cells, promoting glucose uptake and utilization, which could contribute to lower blood glucose levels (26, 27). PAHs, known for their estrogen-mimicking properties, may contribute to the observed effects, although the specific mechanisms remain unclear and warrant further investigation. While the study identified a correlation between PAHs and glucose metabolism, no significant relationship was found between glucose-lipid metabolism and oxidative stress markers such as 8-OHdG, a biomarker for oxidative DNA damage (28). Although similar levels of 8-OHdG were observed in both maternal and neonatal blood, this only indicates comparable quantities of oxidative damage markers. It does not imply that the oxidative stress or damage levels are identical in mothers and infants. Neonates, as a vulnerable group, have underdeveloped systems, including the nervous and immune systems, making them more susceptible to oxidative damage. The same level of oxidative damage that might be tolerable in adults could have more significant, prolonged, or even irreversible effects on fetuses or newborns, potentially leading to lifelong consequences. These findings suggest that while PAHs may influence glucose regulation during pregnancy, their impact on oxidative stress and lipid metabolism is more complex and may involve other factors not addressed in this study. The authors hypothesized that PAHs might act synergistically with estrogen during pregnancy, but further research is needed to clarify the mechanisms by which PAHs interact with metabolic pathways in pregnant women.

The long-term implications of PAH exposure are concerning. The study highlighted that chronic exposure to low levels of PAHs, even among non-pregnant individuals, could result in a range of health issues, including weakened immune function, respiratory disorders, cardiovascular diseases, and cancer. Being lipophilic, PAHs are transported throughout the body via lipoproteins in the bloodstream. Their ability to enter and accumulate in the human body through multiple pathways—such as inhalation, ingestion, and skin contact—underscores significant public health concerns (29, 30). PAHs can cross the placental barrier, and the study found a correlation between PAH concentrations in maternal blood and cord blood, suggesting that these toxic compounds may affect fetal development, particularly lipid metabolism. Notably, the detection rate of some PAHs in newborn umbilical cord blood was even higher than in maternal venous blood. Since newborns are not directly exposed to PAHs, the compounds detected in their blood are derived from the mother. However, some PAHs in the maternal body may be metabolized into different forms, and various types of PAHs have different abilities to cross the placenta. If a metabolized PAH has a particularly strong ability to penetrate the placental barrier, it could result in higher concentrations of that specific PAH in the umbilical cord blood compared to maternal venous blood.

The research also highlighted elevated levels of total cholesterol (TC) and triglycerides (TG) in maternal blood samples, which is typical during pregnancy as the body prepares for increased energy demands and supports fetal growth (31). These elevated lipid levels, combined with PAH exposure, may have long-term effects on both maternal and fetal cardiovascular health (32, 33). However, the study acknowledges several limitations. It was conducted solely in Haikou, limiting the generalizability of the findings to other regions of China or globally. Additionally, the sample size was relatively small, and the study lacked air quality monitoring data, which could have provided more comprehensive insights into environmental PAH exposure levels. Future studies with larger, more diverse populations, and better environmental monitoring are needed to further explore the connections between PAH exposure and health outcomes during pregnancy.

In conclusion, this study underscores the importance of addressing PAH exposure among pregnant women, given its potential impact on both maternal and fetal health. Reducing PAH exposure through lifestyle modifications, improved air quality, and public health interventions could help mitigate the risks associated with these toxic compounds. Further research is necessary to deepen the understanding of PAHs' role in metabolic regulation during pregnancy and to develop effective strategies for protecting maternal and neonatal health.
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Background: Poor adherence to antiretroviral therapy (ART) occurs when an individual with Human Immune deficiency Virus does not follow the prescribed treatment regimen correctly. This includes missing doses, not taking medication as scheduled, taking medication inconsistently or irregularly, and failing to adhere to specific instructions. The lack of adherence to antiretroviral therapy (ART) among children is a noteworthy issue that necessitates attention. The study aims to determine the level of non-adherence to antiretroviral therapy (ART) and its associated factors in children receiving ART in public hospitals in the South Wollo Zone.
Methods: A multi-center cross-sectional study was conducted among children receiving antiretroviral therapy at South Wollo Zone public hospitals. A single population proportion formula was used to determine the required sample size. A computer-generated simple random sampling method was employed to select the participants. The tools used to assess adherence for all participants were viral load monitoring, Self-reporting, Pill counts, and Pharmacy refill records. Data were collected through face-to-face interviews, and reviewing patients’ documents using a structured checklist. The data were entered into Epi Data version 4.1 and analyzed using STATA 17. Binary logistic regression was employed to evaluate the relationship between the factors and the outcome variable. Variables were considered significant if the p-value was less than 0.05.
Result: Of 291 participants, 286 were involved in the study, making the response rate 98.3%. The mean age of the participants was 7.8 years old (±3.64 SD), and half of the 146 children (51%) were male. The overall proportion of ART non-adherence was 24.1% (95% CI: 19.2–29.0%). Positive TB status (Adjusted odd ratio (AOR) = 4.10, 95% CI: 1.90–8.88), diagnostic status not disclosed (AOR = 2.69, 95% CI: 1.43–5.00), and poor caregiver knowledge (AOR = 2.18, 95% CI: 1.04–4.56) were significantly associated with poor adherence.
Conclusion: According to the current study, the level of non-adherence to antiretroviral therapy remains high compared to the targets set by the United Nations Joint Program on HIV/AIDS (UNAIDS) Project 95-95-95. TB co-infection, undisclosed diagnostic status, and poor caregiver knowledge were found to be significantly associated with non-adherence. Before and throughout ART, healthcare providers should provide intense and ongoing counseling to children and their caregivers.
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Background

In 2023, approximately 630,000 individuals died from HIV-related causes, and around 1.3 million people acquired HIV (1). By the end of the year, approximately 1.4 million children aged 0–14 were living with HIV, with 120,000 newly infected. Around 76,000 children succumbed to AIDS-related illnesses. Early testing and treatment are critical to decreasing HIV-related deaths and diseases in this vulnerable group (1). Without timely intervention, half of the children with HIV will die by age 2, and 80% will not survive past their fifth birthday (1–3).

According to an Ethiopian Public Health Institute report published in 2021, around 42,000 Ethiopian children were infected with HIV during the same year. The report also indicates that in 2013 the country’s ART coverage for children was only 12%. Additionally, it highlights that the HIV epidemic among Ethiopian youth has received minimal attention from government initiatives (4, 5).

ART is a combination of antiretroviral medications that can extend and enhance the quality of life of HIV patients by reducing viral loads and raising CD4 cell counts. ART is an HIV medication that should be taken constantly (6). Adherence to appropriate and prolonged treatment is critical to ART success (7).

Poor adherence (non-adherence) to ART occurs when an individual with HIV does not follow the prescribed treatment regimen correctly. This includes missing doses, not taking medication as scheduled, taking medication inconsistently or irregularly, failing to adhere to specific instructions such as taking the drug with food or at designated times, completely discontinuing medication, or not refilling prescriptions as required. Such poor adherence can result in less effective treatment, including treatment failure, higher viral loads, development of drug resistance, and disease progression. Contributing factors may include side effects, the complexity of the regimen, lack of support, or various personal and systemic issues (1, 8, 9).

The study shows that non-adherence levels in Ethiopia ranged from 4.5% at Tikur Anbessa Hospital (10) to 65.5% at Debre Birhan Hospital (11).

Some studies state factors that contribute to poor adherence among children. These factors include socio-economic, socio-demographic, and socio-cultural aspects, as well as problems with service delivery, which can have an impact on adherence to pediatric ART (12, 13). High pill burden, poor palatability, long-term toxicity, ART side effects, ART regimens, and medication dosing are additional factors that can affect adherence. Pediatric ART adherence has also been linked to children’s health, length of time on antiretroviral therapy (ART), knowledge of their HIV status, and psychological variables (10–18).

Routine assessment of medication adherence in clinical care should include increasing the frequency of viral load monitoring after starting or changing medications. Additionally, healthcare providers should ask the child/adolescent and caregiver about the number of missed doses over specific periods (e.g., 1, 3, or 7 days) and request details about the medication, such as its name, appearance, dosage, and frequency of intake. Engaging in conversations with the child and caregiver about potential adherence barriers and strategies to overcome them is essential. Pharmacy-based or clinic-based methods can be used to assess on-time medication refills. Both remote and in-person visits should be utilized to support families, observe ART preparation, handling, and administration, and conduct directly observed therapy (DOT) at home. Finally, announced and unannounced pill counts can be performed by asking individuals to bring medications to the clinic, conducting home visits, or referring them to community health nursing (19, 20).

Non-adherence to ART poses a major challenge to achieving optimal health outcomes for children living with HIV, leading to virologic failure, drug resistance, and increased morbidity and mortality. Understanding the extent of non-adherence is essential for improving pediatric HIV treatment. Ethiopia’s sociocultural, economic, and healthcare contexts significantly influence adherence, and identifying these factors can guide the development of targeted locally relevant interventions.

This study aligns with Ethiopia’s national HIV/AIDS strategic plan and global UNAIDS 95–95-95 goals, contributing to viral suppression and the effort to end the pediatric HIV epidemic. By quantifying non-adherence and its associated factors, the research provides critical data to inform policymakers and healthcare providers, enabling better resource allocation, caregiver training, and implementation of evidence-based strategies.

Non-adherence not only leads to treatment failure but also increases healthcare costs due to the need for second-line therapies and hospitalizations. Addressing adherence early can reduce this burden on the healthcare system. Limited data exist on pediatric ART adherence in Ethiopia, particularly in the study area. This research employs innovative methods, including adherence assessment through viral load measurement, which has not been extensively studied before. The findings will fill critical knowledge gaps, advance pediatric HIV care, and support Ethiopia’s fight against HIV/AIDS. This study aimed to determine the level of non-adherence to ART and its associated factors in children receiving ART in public hospitals in the South Wollo Zone.



Methods


Study setting, design, and period

An institution-based cross-sectional study was conducted from June 1 to June 30, 2023, among children receiving antiretroviral therapy at South Wollo Zone public hospitals. It was far from Addis Ababa, a distance of 401 km, and from Bahir Dar, a distance of 471 km. It has a total population of 2,518,862 and 499 health posts, 126 health centers, and 14 hospitals.



Population

All HIV-infected children <15 years of age who started ART at South Wollo Zone Public Hospitals and their primary caregivers served as our source population for this study. Our study population includes all HIV-infected children <15 years of age who started ART at South Wollo Zone Public Hospitals from September 1, 2019, to June 30, 2023, and their primary caregivers.



Inclusion criteria

The study included children under 15 who had been on ART for at least 1 month and their primary caregivers.



Exclusion criteria

Participants with incomplete data (charts lacking significant explanatory and outcome variables) were excluded from this study.



Sample size determination

A single population proportion formula was used to determine the required sample size with the following statistical assumptions: 22% proportion (p) of the level of non-adherence was taken from a study conducted in northwest Ethiopia (16); 5% margin of error; 10% incomplete or inconsistent data; and 95% confidence intervals (CI).

[image: Equation displaying a sample size calculation formula: \( n = \frac{{(Z_{\alpha/2})^2 \cdot P(1-P)}}{{(d)^2}} \). The calculation is shown as \( n = \frac{{(1.96)^2 \cdot 0.22(1-0.22)}}{{(0.05)^2}} = 264 \).]

Where: n = the required sample size, Zα/2 = the standard normal variation, p = proportion (0.22) of the level of non-adherence, and d = margin of sampling error (0.05). By considering 10% of the incomplete or inconsistent data, the final sample size of our study was 291.



Sampling technique and procedure

From the South Wollo zone hospitals, Dessie Comprehensive Specialized Hospital, Akasta (Hadar 11) General Hospital, Mekan Selam General Hospital, Negste Zewditw Primary Hospital, and Jamma Primary Hospital were selected through a simple random sampling method. In each hospital, the sample size was allocated proportionally. Using the ART registration logbook as the sampling frame, a simple random sampling technique was applied. From September 1, 2019, to June 30, 2023, children on ART were enrolled in the following hospitals: Dessie Comprehensive Specialized Hospital (550 children), Akasta Hadar 11 General Hospital (30 children), Mekan Selam General Hospital (16 children), Negste Zewditu Primary Hospital (14 children), and Jamma Primary Hospital (21 children) (Figure 1).
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FIGURE 1
 Schematic diagram of sampling procedure among children on antiretroviral therapy at South Woll zone public Hospitals. Dessie Comprehensive Specialized Hospital (DCHS), Hadar 11 General Hospital (HGH), Mekan Selam General Hospital (MGH), Negste Zewditw Primary Hospital (NZPH), and Jamma Primary Hospital (GPH).




Data collection procedure

The data collection checklist was developed using the Federal Ministry of Health’s HIV/ART follow-up and intake records. Data were collected through face-to-face interviews and reviewing patients’ documents using a structured checklist. The data extraction form includes information on socio-demographic variables, treatment and additional drugs, clinical and laboratory data, etc. Under the direction of one MSc nursing practitioner, three BSc nurses with ART service experience and training collected data for 4 weeks in July 2023. Pre-testing was performed on 13 newborns (5% of the sample population) at Dessie Compressive Specialized Hospital before the real data-gathering process.



Study variables

Dependent variable: Adherence to first-line ART, which was classified as “non-adherent” or “adherent.”

Independent variables: age of the child, sex, residence, Caregiver knowledge, Caregiver marital status, Educational status, HIV disclosure Status, Weight for age, height for age, Hemoglobin (Hgb) level, CD4 counts or %, WHO clinical stages, Duration on ART, CPT (Co-trimoxazole Preventive Therapy), IPT (Isoniazid Preventive Therapy), Treatment failure, and TB status.



Operational definition

Level of ART adherence: the tools used to assess adherence for all participants were viral load monitoring, Self-reporting, Pill counts, and Pharmacy refill records.

To assess adherence using viral load, first measure the viral load before initiating ART to establish a baseline. This baseline helps in evaluating the treatment’s effectiveness over time. Regular viral load tests, typically conducted every 3–6 months, should be scheduled to track the amount of HIV in the blood. Consistently low viral loads suggest good adherence and effective viral suppression. An undetectable viral load usually indicates that the treatment is working well. However, if the viral load remains low but detectable, it may imply some level of adherence but might also require further evaluation or adjustment of the treatment regimen. Conversely, a high viral load often indicates poor adherence (non-adherence), possible treatment failure, or drug resistance, necessitating a review of adherence strategies and potentially a change in therapy (1, 19, 20).

A 1-Month Self-Recall Report (Visual Analogue Scale): Caregivers were asked to mark on a calibrated line scale from 1 to 10, reflecting how they administered medications to the child over the past month. The marks were converted into percentages to estimate their drug administration adherence for the entire month. Adherence was classified as follows: a mark below 8.5 (<85%) indicated poor adherence, 8.5–9.4 (85–94%) indicated fair adherence, and 9.5 or above (≥95%) indicated good adherence (21, 22).

Pill counts: counting the remaining pills in bottles during routine healthcare visits helps assess adherence (21). Adherence (%) = (Number of pills prescribed - Number of pills returned) × 100.

Pharmacy refill records: pharmacy refill records provide information on when individuals pick up their antiretroviral (ARV) drugs. Irregular pharmacy refill intervals may indicate non-adherence to antiretroviral therapy (ART). Calculation: Proportion of days covered (PDC) = (Number of days the patient had medication) ÷ (Number of days in the observation period) × 100.

Overall adherence measures combining these four adherence measures, an overall response rate of 95% or higher is considered good adherence, 85–94% is fair adherence, and below 85% is poor adherence (non-adherence) (19, 21–23).

Knowledge of caregiver on children ART adherent: caregivers who scored at or above the overall mean on the adherence knowledge assessment were categorized as having good knowledge, while those who scored below the mean were categorized as having poor knowledge (24, 25).

A CD4 count: CD4 below the threshold level was classified based on the age of the child (i.e infants CD4 < 1,500/mm3, 12–35 months <750/mm3, 36–59 months <350/mm3 and ≥ 5 years <200/mm3) (26).

Underweight or stunting was defined as weight for age Z-score < −2 SD for under-five children and BMI for age Z-score < −2 SD for older children (26).

Tuberculosis: Cases were detected using sputum or stomach aspirate microscopy, chest X-ray examination, and/or histology, following the Ethiopian Ministry of Health’s TB diagnosis guidelines (27).

ART treatment failure: when an antiretroviral regimen is unable to control HIV infection (21).

The World Health Organization (WHO) clinical staging system: categorizes HIV patients into four stages based on their immune deficiency and clinical symptoms (28).



Data processing and analysis

The data were entered into Epi Data version 4.1, and STATA 17 was used for the analysis. The table and figures provide an exploration of the descriptive and summary statistics. The outcome level of ART adherence was divided into two categories: “non-adhered” and “adhered.” For each predictor variable, the bivariate logistic regression model was fitted. Furthermore, a multivariate logistic regression model was fitted for those variables with a p-value of less than 0.25 in a bivariate analysis. Adjusted odds ratios with 95% confidence intervals and p-values were employed to assess the strength of the relationship to determine statistically significant predictors. Variables with a p-value of less than 0.05 in multivariable analysis were regarded as significant predictors of poor levels of adherence. The multicollinearity assumption was assessed using a correlation matrix, confirming that all correlations were below 0.8. Hosmer-Lemeshow test data and the Omnibus assumption were also used to check the model fitness.



Ethical approval and consent to participate

Approval was obtained from the Research and Ethical Review Committee of Wollo University College of Medicine and Health Sciences, with reference number CMHS/RCPGC/03/14. All hospital administrations and the ART clinic’s focal person provided permission letters. Written informed consent was obtained from caregivers willing to participate in the study. The names or identification numbers of the children were not permitted to be recorded in the data. Furthermore, the study was conducted by the ethical principles of the Declaration of Helsinki.




Result


Socio-demographic characteristics of the study participants

Of 291 participants, 286 were involved in the study and five incomplete ones were discarded. As a result, 286 children were included in the analysis, yielding a completion rate of 98.3%. The mean age of the participants was 7.8 years old (±3.64 SD), and half of the 146 (51%) children were male. More than half of the 176 (61.5%) children knew that they had HIV, and the vast majority (83.6%) lived in cities. Almost half of the 156 (54.5%) caregivers had a good understanding of the importance of ART (Table 1).



TABLE 1 Socio-demographic characteristics of children on antiretroviral therapy at South Wollo Zone Public hospitals, 2024.
[image: A table displays demographic characteristics with categories, frequencies, and percentages: Age of children (<5 years: 47, 16.4%; 5–9 years: 36, 12.6%; ≥10 years: 203, 71%). Sex (Male: 146, 51%; Female: 140, 49%). Residence (Urban: 37, 13%; Rural: 249, 87%). HIV disclosure status (Yes: 176, 61.5%; No: 110, 38.5%). Knowledge of caregiver about ART drugs (Good: 156, 54.5%; Poor: 130, 45.5%).]



Clinical and treatment-related characteristics of children on ART

Approximately half of the 175 children (55%) had a CD4 count or percentage above the threshold. Sixty-one percent (61%) of the participants were in WHO stages I and II, while 16.8% had TB. Regarding ART duration, 252 participants (88.1%) had been on ART for more than 34 months. Additionally, 111 participants (39%) had anemia (hemoglobin <10 mg/dL). During data collection, viral load tests were conducted for 217 children (75.8%) within the past 12 months. Of these, 59 children (20.7%) had a high viral load (≥1,000 copies/mL) (Table 2).



TABLE 2 Clinical and treatment-related characteristics of children on antiretroviral therapy at South Wollo Zone Public hospitals, 2024.
[image: A table details health characteristics with categories, frequency, and percentages. It covers weight for age, height for age, CD4 counts, WHO clinical staging, hemoglobin levels, IP and CPT given or not, TB status, viral RNA copies, and duration on ART. Each characteristic has corresponding categories, frequencies, and percentages. Definitions and abbreviations include hemoglobin (Hgb), CPT for Co-trimoxazole Preventive Therapy, IPT for Isoniazid Preventive Therapy, ART for antiretroviral therapy, and TB for tuberculosis.]



Level of ART non-adherence

In this study, the overall proportion of ART non-adherence was 24.1% (95% CI: 19.2–29.0%) of the study participants.



Factors associated with poor adherence to ART

Bivariate and multivariate logistic regressions were used to fit all variables that met the chi-square assumption. In the bivariable logistic regression analysis, age of the child, sex, residence, knowledge of the caregiver, HIV disclosure status, weight for age, height for age, HGB level, CD4 count or percentage, WHO stage, CPT user, IPT user, TB status, and duration of ART were each given a p-value of less than 0.25 and fitted into a multivariable logistic regression model. Positive TB status, diagnostic status not disclosure, and poor caregiver knowledge were found to be significantly associated with poor adherence at the multivariate level, with p-values of less than 0.05 (Table 3).



TABLE 3 Bivariate and multivariate analyses of factors associated with poor adherence to ART at South Wollo Zone Public Hospitals (n = 286).
[image: A table displaying variables related to adherence levels in children receiving antiretroviral therapy. Columns include variable, category, level of adherence (good/poor), crude odds ratio (COR) with 95% confidence interval (CI), p-value, adjusted odds ratio (AOR) with 95% CI, and p-value. Key variables are age, sex, residence, caregiver knowledge, HIV disclosure, weight, height, CD4 levels, WHO clinical staging, hemoglobin levels, IPT, CPT, TB status, and ART duration. Statistically significant results (p < 0.05) are bolded.]




Discussion

Adherence is crucial for the success of antiretroviral therapy (ART), yet non-adherence remains a significant challenge, particularly among children receiving ART. This cross-sectional study aimed to assess the level of non-adherence to ART in children with HIV and identify the factors contributing to it.

According to our findings, the total proportion of ART non-adherence among the study participants was 24.1% (95% CI: 19.2 –29.0%). Furthermore, TB co-infection, HIV non-disclosure status, and poor caregiver knowledge were significantly related to poor adherence. This finding is consistent with research conducted in public hospitals in the northeast (21.4%) (11) and northwest (21.1%) (16) Ethiopia, Uganda (21%) (29), Nigeria (23.9%) (30), and Myanmar (23.8%) (31). However, this percentage is less than that of studies conducted in Jimma (36.2%) (32), Fiche Hospital (36%) (33), and Tikur Anbessa Hospital (65.2%) (10). On the other hand, this result is higher than that of research conducted in Ethiopia’s Tigray region (15.2%) (25). This disparity could be explained by the differences in ART-adherence diagnostic techniques. Furthermore, inaccurate reporting is more common in low-income nations than in middle-income countries due to a shortage of skilled healthcare providers and caretakers. This variation considered socioeconomic level, study design, adherence measurement methods, sample size, and setting differences. This variation may reflect differences in local healthcare systems, patient demographics, or methodologies. Higher adherence rates in some studies could be due to better support systems, more effective adherence interventions, or differing standards of care. Conversely, the lower adherence rate could be linked to unique regional challenges or disparities in healthcare resources and support. These differences highlight the need for context-specific strategies to address ART adherence and improve treatment outcomes across diverse settings.

This study result indicates that caregivers with poor knowledge about ART (antiretroviral therapy) drugs are 2.18 times more likely to experience non-adherence compared to those with better knowledge [AOR (: 95% CI) = 2.18 (1.04–4.56)]. This finding is consistent with the results of studies in the Oromia region (24), northeast Ethiopia (34), northern Ethiopia (25) and India (35). This result can be justified by the crucial role caregivers play in managing and supporting ART adherence. Caregivers with limited knowledge may struggle to understand the importance of adherence, proper medication administration, and potential side effects, which can lead to inconsistent or incorrect use of ART. This lack of knowledge can directly impact the effectiveness of the treatment and the patient’s overall health, thereby increasing the likelihood of non-adherence. Improving caregivers’ knowledge about ART is essential for enhancing treatment adherence. Caregivers with a better understanding of ART are more likely to support proper medication use and adherence, which can lead to better health outcomes for the children. Therefore, targeted education and training programs for caregivers should be a priority to reduce non-adherence and improve the effectiveness of ART.

In this study, the odds of non-adherence among children with TB/HIV co-infection were more than four times higher than those in children without TB co-infection [AOR = 4.10, 95% CI (1.90–8.88)]. This finding is similar to those of investigations conducted in northwest Ethiopia (16), Nigeria (30), and Peru (36). The reason for this occurrence could be attributed to the administration of medication for the confection, therapy, and antiretroviral therapy in combination, which may lead to an increase in the number of pills required to be taken, interactions between drugs, and an increasing rise in the occurrence of unfavorable drug reactions. These factors collectively can hinder adherence to antiretroviral drugs (16). The increased risk of non-adherence in children with TB/HIV co-infection underscores the need for specialized support and management strategies. The interaction between treatments and the added burden of co-infection can significantly affect adherence. Targeted interventions and integrated care are crucial for improving adherence and overall treatment outcomes in these children.

This study found that children unaware of their HIV status (AOR = 2.69, 95% CI: 1.43–5.00) were more likely to exhibit poor adherence compared to those who were aware of their status. Similar findings have been reported in other studies (17, 18, 37, 38). Children who do not know their HIV status may lack understanding of the importance of their treatment regimen, which can result in lower motivation to adhere to prescribed ART. Awareness of their condition often encourages better adherence as it fosters a clearer understanding of the necessity of consistent medication for their health. This result aligns with similar studies, reinforcing the need for HIV status disclosure and education to improve adherence outcomes in pediatric patients (39). This result implies that HIV status disclosure is crucial for improving ART adherence in children.

Limitations of the study were we did not account for variables related to household dynamics, such as the quality of the caregiver-child relationship, instances of violence and maltreatment, or health system-related factors. Additionally, factors such as the mode of HIV transmission (vertical or acquired), alcohol abuse, depression, caregiver and patient education levels, the caregiver-patient relationship, age at first diagnosis, and parental HIV status were not considered, which may have influenced the results. Another limitation is that caregivers may inaccurately recall adherence behaviors or knowledge. Since the study was conducted in a specific region, the findings may not apply to other areas with differing healthcare systems, resources, or cultural contexts.



Conclusion and recommendation

According to the current study, the level of non-adherence to antiretroviral therapy remains high compared to the targets set by the United Nations Joint Program on HIV/AIDS (UNAIDS) Project 95–95-95. TB status-positive (co-infection), diagnostic status not disclosed, and poor caregiver knowledge were discovered to be significantly related to poor adherence. Implement targeted education programs to improve caregiver knowledge about ART and its importance. Develop strategies to encourage and support the disclosure of diagnostic status to ensure better adherence. Strengthen integrated care approaches for children with TB/HIV co-infection to address the unique challenges they face in adhering to treatment. These measures can help improve adherence rates and overall health outcomes for affected children.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving humans were approved by Wollo University and a permission letter was taken from South Wollo zone health office. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the minors’ legal guardians/next of kin.



Author contributions

EW: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. FB: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Resources, Writing – review & editing. MA: Formal analysis, Investigation, Methodology, Software, Supervision, Writing – review & editing. SM: Conceptualization, Investigation, Methodology, Project administration, Supervision, Writing – review & editing. GB: Conceptualization, Investigation, Methodology, Project administration, Resources, Supervision, Writing – review & editing. BD: Conceptualization, Data curation, Investigation, Methodology, Supervision, Writing – review & editing. MZ: Conceptualization, Data curation, Formal analysis, Project administration, Validation, Writing – review & editing. FA: Conceptualization, Investigation, Methodology, Software, Supervision, Writing – review & editing. EC: Formal analysis, Resources, Supervision, Visualization, Writing – review & editing.



Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.



Acknowledgments

We would like to express our heartfelt gratitude and admiration to the administrative bodies and healthcare providers in each hospital’s ART clinics, data collectors, and study participants.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The authors declare that no Generative AI was used in the creation of this manuscript.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References
	 1. WHO. HIV and AIDS. (2023). Available at: https://www.who.int/news-room/fact-sheets/detail/hiv-aids?gad_source=1&gclid=CjwKCAjw4_K0BhBsEiwAfVVZ_-3ETu8iy6kBBPNHgRquo86fV2EQaei_a08vJdBTOyZeuMeK57Cm5xoCZksQAvD_BwE.
	 2. WHO. Available at: https://www.who.int/teams/global-hiv-hepatitis-and-stis-programmes/hiv/treatment/treatment-and-care-in-children-and-adolescents.
	 3. UNICEF. Children, HIV and AIDS: The world today and in 2030. (2019). Available at: https://data.unicef.org/resources/children-hiv-and-aids-2030/
	 4. Lulseged, S. Pediatric HIV epidemic: status and prospects in Ethiopia. Ethiopian journal of pediatrics and child. Health. (2023) 18:1–4. doi: 10.4314/ejpch.v18i1.1
	 5. Pegurri, E, Konings, E, Crandall, B, Haile-Selassie, H, Matinhure, N, Naamara, W , et al. The missed HIV-positive children of Ethiopia. PLoS One. (2015) 10:e0124041. doi: 10.1371/journal.pone.0124041 
	 6. Unge, C, Södergård, B, Marrone, G, Thorson, A, Lukhwaro, A, Carter, J , et al. Long-term adherence to antiretroviral treatment and program drop-out in a high-risk urban setting in sub-Saharan Africa: a prospective cohort study. PLoS One. (2010) 5:e13613. doi: 10.1371/journal.pone.0013613 
	 7. Starace, F, Massa, A, Amico, KR, and Fisher, JD. Adherence to antiretroviral therapy: an empirical test of the information-motivation-behavioral skills model. Health Psychol. (2006) 25:153–62. doi: 10.1037/0278-6133.25.2.153 
	 8. AIDSinfo. Adherence to antiretroviral therapy in HIV-infected children and adolescents. (2021). Available at: https://clinicalinfo.hiv.gov/en/guidelines/pediatric-arv/adherence-antiretroviral-therapy-hiv-infected-children-and-adolescents.
	 9. CDC. CfDCaP. HIV treatment: How to adhere to antiretroviral therapy. (2021). Available at: https://search.cdc.gov/search/?query=cfdnapt.%20hiv%20treatment%3A%20how%20to%20adverse%20antiretroviral%20therapy.%202021.&dpage=1
	 10. Biressaw, S, Abegaz, WE, Abebe, M, Taye, WA, and Belay, M. Adherence to antiretroviral therapy and associated factors among HIV infected children in Ethiopia: unannounced home-based pill count versus caregivers’ report. BMC Pediatr. (2013) 13:1–9. doi: 10.1186/1471-2431-13-132 
	 11. Ketema, AK, and Shewangizaw, WZ. Assessment of adherence to highly active antiretroviral therapy and associated factors among people living with HIV at Debrebrihan referral hospital and health center, Northeast Ethiopia: a cross-sectional study. HIV AIDS (Auckl). (2015) 7:75–81. doi: 10.2147/HIV.S79328
	 12. Morowatisharifabad, MA, Movahed, E, Farokhzadian, J, Nikooie, R, Hosseinzadeh, M, Askarishahi, M , et al. Antiretroviral therapy adherence and its determinant factors among people living with HIV/AIDS: a case study in Iran. BMC Res Notes. (2019) 12:1–5. doi: 10.1186/s13104-019-4204-5 
	 13. Nozaki, I, Dube, C, Kakimoto, K, Yamada, N, and Simpungwe, JB. Social factors affecting ART adherence in rural settings in Zambia. AIDS Care. (2011) 23:831–8. doi: 10.1080/09540121.2010.542121 
	 14. Prendergast, A, Tudor-Williams, G, Jeena, P, Burchett, S, and Goulder, P. International perspectives, progress, and future challenges of paediatric HIV infection. Lancet. (2007) 370:68–80. doi: 10.1016/S0140-6736(07)61051-4 
	 15. Davies, M-A, Boulle, A, Fakir, T, Nuttall, J, and Eley, B. Adherence to antiretroviral therapy in young children in Cape Town, South Africa, measured by medication return and caregiver self-report: a prospective cohort study. BMC Pediatr. (2008) 8:1–12. doi: 10.1186/1471-2431-8-34
	 16. GebreEyesus, F, Mitku, D, Tarekegn, T, Temere, B, Terefe, T, Belete, A , et al. Levels of adherence and associated factors among children on ART over time in northwest, Ethiopia: evidence from a multicenter follow-up study. HIV/AIDS (Auckland, NZ). (2021) 13:829. doi: 10.2147/HIV.S323090
	 17. Feyera, B, Letta, S, and Kumie, A. Level of adherence and factors associated with antiretroviral therapy among HIV infected children in selected public hospitals, Addis Ababa, Ethiopia. East African J Health Biomed. Sci. (2016) 1:23–30.
	 18. Mengesha, MM, Embibel, M, Gobena, T, Tunje, A, Jerene, D, and Hallström, IK. Antiretroviral therapy non-adherence among children living with HIV in Dire Dawa, eastern Ethiopia: a case-control study. BMC Pediatr. (2022) 22:653. doi: 10.1186/s12887-022-03697-1 
	 19. HIVinfo.NIH.gov. Guidelines for the use of antiretroviral agents in pediatric HIV infection (2024). Available at: https://www.hiv.gov/.
	 20. Ethiopia. National CONSOLIDATED guidelines for comprehensive HIV prevention, care and treatment (2018). Available at: https://www.afro.who.int/sites/default/files/2019-04/National%20Comprehensive%20HIV%20Care%20%20Guideline%202018.pdf.
	 21. Ethiopia. Federal Ministry of Health. National guidelines for comprehensive HIV prevention, care, and treatment (2017). 1226. Available at: https://www.differentiatedservicedelivery.org/wp-content/uploads/POCKET-GUIDE-compressed-1.pdf
	 22. Mussa, FM, Massawe, HP, Bhalloo, H, Moledina, S, and Assenga, E. Magnitude and associated factors of anti-retroviral therapy adherence among children attending HIV care and treatment clinics in Dar Es Salaam, Tanzania. PLoS One. (2022) 17:e0275420. doi: 10.1371/journal.pone.0275420 
	 23. Alemayehu, B, Etana, B, and Abebe, M. Adherence to antiretroviral therapy and associated factors among children living with HIV in east Wallaga zone public health institutions, Ethiopia. J Int Assoc Providers AIDS Care (JIAPAC). (2023) 22:23259582231215677. doi: 10.1177/23259582231215677
	 24. Gemechu, GB, Hebo, H, and Kura, Z. Children’s adherence to antiretroviral therapy and associated factors: multicenter cross-sectional study. HIV AIDS (Auckl). (2023) 15:423–34. doi: 10.2147/HIV.S407105 
	 25. Tesfahunegn, TB, Berhe, N, Abraha, TH, Hintsa, S, Yohanes, G, Desta, K , et al. Adherence to antiretroviral therapy and associated factors among HIV-infected children in public health institutions of Adwa, Axum, and Shire towns of Tigray, Northern Ethiopia: A Cross-Sectional Study. HIV AIDS (Auckl). (2023) 15:217–24. doi: 10.2147/HIV.S282938
	 26. Organization WH. Policy brief: Consolidated guidelines on HIV prevention, diagnosis, treatment and care for key populations. Geneva, Switzerland: World Health Organization (2017).
	 27. FMoH E. Guidelines for management of TB, DR-TB and leprosy in Ethiopia. Ethiopia Federal Ministry of Health Ethiopia: Addis Ababa (2018).
	 28. Weinberg, JL, and Kovarik, CL. The WHO clinical staging system for HIV/AIDS. AMA J Ethics. (2010) 12:202–6. doi: 10.1001/virtualmentor.2010.12.3.cprl1-1003 
	 29. Wadunde, I, Tuhebwe, D, Ediau, M, Okure, G, Mpimbaza, A, and Wanyenze, RK. Factors associated with adherence to antiretroviral therapy among HIV infected children in Kabale district, Uganda: a cross sectional study. BMC Res Notes. (2018) 11:466. doi: 10.1186/s13104-018-3575-3 
	 30. Ugwu, R, and Eneh, A. Factors influencing adherence to paediatric antiretroviral therapy in Portharcourt, south-South Nigeria. Pan Afr Med J. (2014) 16. doi: 10.11604/pamj.2013.16.30.1877 
	 31. Thandar, M, Mon, AS, Boonyaleepun, S, and Laohasiriwong, W. Antiretroviral treatment adherence and associated factors among people living with HIV in developing country, Myanmar. Int J Comm Med Public Health. (2016) 3:1318–25. doi: 10.18203/2394-6040.ijcmph20161405 
	 32. Abera, A, Fenti, B, Tesfaye, T, and Balcha, F. Factors influencing adherence to antiretroviral therapy among people living with HIV/AIDS at ART Clinic in Jimma University teaching hospital, Southwest Ethiopia. J Pharma Reports. (2015) 1:2.
	 33. Feyissa, A. Magnitude and associated factors of non-adherence to highly active antiretroviral therapy among children in fiche hospital, north Shewa, Ethiopia 2016. J Pharm Care Health Syst. (2017) 4
	 34. Arage, G, Tessema, GA, and Kassa, H. Adherence to antiretroviral therapy and its associated factors among children at south Wollo zone hospitals, Northeast Ethiopia: a cross-sectional study. BMC Public Health. (2014) 14:1–7. doi: 10.1186/1471-2458-14-365 
	 35. Kendre, GM, Gabhale, YR, Shah, ND, Jadhav, VM, Nath, K, and Manglani, MV. Adherence to antiretroviral therapy and factors affecting adherence among paediatric HIV patients. Int J Contemp Pediatr Kendre. (2017) 4:1962–8. doi: 10.18203/2349-3291.ijcp20174154
	 36. Leyva-Moral, JM, Loayza-Enriquez, BK, Palmieri, PA, Guevara-Vasquez, GM, Elias-Bravo, UE, Edwards, JE , et al. Adherence to antiretroviral therapy and the associated factors among people living with HIV/AIDS in northern Peru: a cross-sectional study. AIDS Res Ther. (2019) 16:1–12. doi: 10.1186/s12981-019-0238-y 
	 37. Amankwah-Poku, M, Klutsey, DA, and Asante, KO. Disclosure and health-related outcomes among children living with HIV and their caregivers. AIDS Res Ther. (2021) 18:1–8. doi: 10.1186/s12981-021-00337-z 
	 38. Ammon, N, Mason, S, and Corkery, J. Factors impacting antiretroviral therapy adherence among human immunodeficiency virus–positive adolescents in sub-Saharan Africa: a systematic review. Public Health. (2018) 157:20–31. doi: 10.1016/j.puhe.2017.12.010 
	 39. Sumbi, EM, Venables, E, Harrison, R, Garcia, M, Iakovidi, K, van Cutsem, G , et al. “It’sa secret between us”: a qualitative study on children and care-giver experiences of HIV disclosure in Kinshasa, Democratic Republic of Congo. BMC Public Health. (2021) 21:1–9. doi: 10.1186/s12889-021-10327-5 


Copyright
 © 2025 Wondifraw, Belege Getaneh, Amare, Mihret, Biset, Desu Tefera, Zeleke, Ahmed and Chanie. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.







 


	
	
ORIGINAL RESEARCH
published: 19 March 2025
doi: 10.3389/fpubh.2025.1424342








[image: image2]

Socioeconomic determinants of low birth weight and its association with peripubertal obesity in Brazil

Fernanda Lima-Soares1,2†, Renato Simões Gaspar3†, Silas Alves-Costa4, Cecilia C. Costa Ribeiro4 and Antonio Marcus de Andrade Paes1,2*


1Laboratory of Experimental Physiology, Department of Physiological Sciences, Biological and Health Sciences Centre, Federal University of Maranhão (UFMA), São Luís, Brazil

2Health Sciences Graduate Program, Biological and Health Sciences Centre, Federal University of Maranhão (UFMA), São Luís, Brazil

3Department of Pharmacology, Faculty of Medical Sciences, Universidade Estadual de Campinas, Campinas, Brazil

4Graduate Program in Dentistry, Biological and Health Sciences Centre, Federal University of Maranhão (UFMA), São Luís, Brazil

Edited by
 Hong Lu, Peking University, China

Reviewed by
 Tasuku Okui, Kyushu University Hospital, Japan
 Liping Wu, PUMC, China

*Correspondence
 Antonio Marcus de Andrade Paes, marcuspaes@ufma.br 

†These authors have contributed equally to this work and share first authorship

Received 27 April 2024
 Accepted 21 February 2025
 Published 19 March 2025

Citation
 Lima-Soares F, Gaspar RS, Alves-Costa S, Ribeiro CCC and Paes AMA (2025) Socioeconomic determinants of low birth weight and its association with peripubertal obesity in Brazil. Front. Public Health 13:1424342. doi: 10.3389/fpubh.2025.1424342
 




Introduction: Low birth weight (LBW) is an early life adversity associated with various risk factors and metabolic dysfunction throughout life. However, the role of socioeconomic factors in the association between LBW and peripubertal health in low- and middle-income countries (LMICs) remains unclear. This ecological study investigated the factors contributing to LBW and its impacts in Brazil.
Methods: Data were collected from the Global Health Data Exchange as summary exposure values (SEVs), which serve as a proxy for population prevalence weighted by the relative risk. Additionally, information was sourced from official Brazilian government resources covering the years 1995 to 2017, resulting in a total of 338 state-year observations applied for temporal lagged analyses. First, we tested the SEV of 1-year lagged reproductive-age population (15–49 years) risk factors as exposures and the SEV of LBW as an outcome. In the second temporal lagged analysis, we tested the association between the SEV of LBW as the primary exposure and the SEV of high body mass index (HBMI) in peripubertal population 10 years later as the outcome. Fixed-effects multivariable linear regression models with lags were constructed, adjusting for socioeconomic covariates.
Results: The exposure of the reproductive-age population to smoking, alcohol, high systolic blood pressure, and HBMI was positively associated with the SEV of LBW. A diet high in sugar-sweetened beverages (SSB diet) was also positively associated, but the association disappeared when GDP per capita and access to primary care were added to the model. Regarding the repercussions of LBW, a 1-point increase in the SEV of LBW was associated with a 1.6-point increase in HBMI in the peripubertal population (95% CI: 0.66 to 2.55). However, this association disappeared after adjusting for GDP per capita and access to primary care, indicating their confounding roles.
Discussion: Our study highlights several risk factors in the adult population associated with LBW and its relationship with peripubertal HBMI. Interestingly, GDP per capita and access to primary care were found to be the socioeconomic determinants for birth outcomes as a result of exposure to the risk factors tested and the mid-term effects of LBW. These findings enhance our understanding of the role of socioeconomic factors contributing to LBW in LMICs and the need for public policies addressing healthcare and welfare to reduce the burden of LBW in LMICs.
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1 Introduction

Low birth weight (LBW), whether due to preterm birth or fetal growth restriction, is one of the earliest outcomes of intrauterine malnutrition (1). It is defined as a birth weight lower than 2,500 g and is shown to increase the risk of death by over 20 times compared to normal-weight neonates (2). LBW is a well-known risk factor for several disorders, including overweight in both children and adults, type 2 diabetes, metabolic syndrome, and late cardiovascular disease (3, 4). The paradoxical condition of being born small, which leads to lasting effects of metabolic distress, has been studied since 1992, when Hales and Barker (5) established the thrifty phenotype concept after observing that birth weight influences the risk of type 2 diabetes and adiposity in adulthood. At a population level, another common paradoxical phenomenon is the double burden of malnutrition (DBM), i.e., the coexistence of undernutrition and overweight. This problem arises from the nutritional transitions exacerbating the demographic and epidemiological challenges in low- and middle-income countries (LMICs) (6).

Globally, one in four babies is born either prematurely or with low birth weight (1). In LMICs, intrauterine malnutrition is a prevalent issue, particularly due to the multifactor vulnerability to which the reproductive-age population is exposed (7). A joint report released in 2019 by the UNICEF and WHO indicated that between 2000 and 2015, an average of 75% of the world’s LBW neonates were born in LMICs (8). In addition to posing a risk of death, LBW serves as a valuable public health indicator of maternal health, nutrition, and poverty (9). An adverse maternal intrauterine environment influenced by factors such as malnutrition, neighborhood disadvantage, smoking, or emotional stress leads to early, medium, and long-term repercussions (2–4, 9, 10). These effects can be explained by adaptive developmental plasticity, a permanent physiological change in the developmental trajectory influenced by external or internal factors, occurring through gene–environment interactions (11).

Brazil is an LMIC and a large continental nation in Latin America, with unique characteristics making it an appropriate setting to investigate sociodemographic and prenatal risk factors associated with LBW. Data from the Surveillance System of Risk and Protective Factors for Chronic Diseases by Telephone Survey (Vigitel) indicate that overweight affects over 50% of the Brazilian population, while specific subgroups have shown increasing prevalence of underweight, characterizing an active DBM. This phenomenon appears to be influenced by social factors such as educational attainment, socioeconomic status, and demographic disparities (12). Similarly, data from the Cardiovascular Risk Factors in Adolescents Study (ERICA) indicate that these social factors are associated with an average 26.3% prevalence of excessive weight in adolescents aged 12 to 17 years in the country (13), reinforcing the idea that environmental and social factors can lead to metabolic disorders. Although the association between LBW and DBM has been hardly explored, it is reasonable to hypothesize the correlation between DBM and pubertal excessive weight in countries with a high prevalence of LBW.

In this regard, despite the consistent prevalence of LBW in Brazil, which nearly stands at 8.5% of all births (14), it remains unclear how the environmental and social factors influence the prevalence and the metabolic consequences of LBW. A broad understanding at the populational level of how modifiable factors lead to LBW and the subsequent repercussions of this condition on the health of future generations is essential for a thorough comprehension of its origins and for devising effective preventive strategies. Therefore, considering the life-long effects of LBW in general health, including late development of cardiometabolic diseases, and the scarcity of published data from LMICs, this study aimed to investigate the risk factors and socioeconomic covariates that potentially contribute to LBW occurrence and verify an outcome of this condition by determining the association between LBW and peripubertal excessive weight in Brazil.



2 Methods


2.1 Data source and study design

Data used in this ecological study were collected from publicly available datasets: the Global Health Data Exchange (GHDx), which is a comprehensive database on health-related variables also known as GBD study 2019 (15). Crude and age-standardized estimates of various measures of the burden of risk factors and LBW in Brazilian States from 1995 to 2017 were extracted from the GBD database1 with no specific permissions required. In addition, official sources from the Brazilian government were used to collect data related to socioeconomic covariates, namely, poverty data that were collected from the Brazilian Ministry of Social Development, access to primary care and hospital support from the Brazilian Ministry of Health, and the Gini index and GDP per capita data from the Brazilian Institute of Geography and Statistics (IBGE).

GBD estimates incidence, prevalence, summary exposure value (SEV), mortality, years of life lost (YLLs), years lived with disability (YLDs), and disability-adjusted life-years (DALYs) due to 369 diseases and injuries, for both sexes, and for 204 countries and territories. Input data were extracted from censuses, household surveys, civil registration and vital statistics, disease registries, health service use, air pollution monitors, satellite imaging, disease notifications, and other sources (15). Among these estimations, SEV was used to compare the distribution of excess risk multiplied by exposure level to a population where everyone is at maximum risk. SEV represents a prevalence-weighted measure of the relative risk associated with exposure to various disease-causing risk factors. The relative risk, derived from both primary research (published and unpublished) and secondary review studies, quantifies the likelihood of developing a disease or experiencing mortality or morbidity due to specific risk factor exposures. SEVs range from 0 to 100%, where 0 denotes the absence of excess risk in the population and 100% corresponds to the maximum level of exposure risk. An increasing SEV reflects a higher prevalence of the risk factor within the population, whereas a decreasing value indicates a reduction in its prevalence (16). Multivariable linear regression models were constructed from those datasets, as described in Section 2.4.



2.2 Risk factors

The prevalence of modifiable risk factors was computed as a summary exposure value (SEV) in GHDx 2019 (17), which denotes the prevalence weighted by the relative risk, demonstrating the extent of exposure by the risk level and the severity of that risk contribution to disease burden. Risk factors included are tobacco use (smoking), alcohol use (alcohol), low physical activity (LPA), diet high in trans fatty acids (TFA diet), diet high in sugar-sweetened beverages (SSB diet), increased levels of plasma glucose (glucose), high systolic blood pressure (HSBP), diet high in LDL cholesterol (HLDL), and high body mass index (HBMI). All data were age-standardized and stratified by sex.



2.3 Covariates

As previously described (18), we included the socioeconomic determinants and access to healthcare covariates in both models to bring the model closer to the social complexity in which individuals are included. The selected covariates were Gini index of household income, the main metric used for determining income inequality; gross domestic product (GDP) per capita in R$ (Brazilian Reais), an income variable also capable of being associated with the population health (19); number of hospital beds per 1,000 inhabitants; and coverage of primary care (20) to account for access to healthcare. To assess poverty, Bolsa familia value in R$ (Reais) per 1,000 individuals, a Brazilian state income transfer program for low-income families, was used (21). The covariates collected ranged from 2004 to 2016. To account for heteroskedasticity and autocorrelation, which are common when dealing with panel data, a correlation panel was created for each model including covariates and variables (Supplementary Tables 1, 2).



2.4 Statistical analysis

Multivariable linear regression models including data from all 26 Brazilian States, henceforth referred to as States, in different year-series totaling 338 State-year observations to each variable were performed using R software (22). Figure 1 summarizes the whole study population, data year-series, and covariates. Different models were constructed. First, a 1-year temporal lag model was utilized to assess the associations between reproductive-age population risk factors (2004–2016), where each risk factor was used as an independent variable (predictor), and LBW (2005–2017), as a dependent variable. Then, a 10-year lag model was applied to evaluate the association between LBW (1995–2007) as an independent variable (predictor) and peripubertal high body mass index (HBMI) (2005–2017) as a dependent variable (outcome). Data were stratified by sex. Reproductive-age population was defined as men and women aged between 15 and 49 years (17), while peripubertal population was defined as boys and girls aged 10 to 14 years. For all variables and covariates in the selected time series, the retrieved dataset was complete, with no missing data. While risk factors and LBW were expressed as SEVs, other aforementioned covariates were expressed as prevalence and assumed as potential confounders.
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FIGURE 1
 Study design: presentation of different year-series populations included in each model and the socioeconomic covariates used as adjustments. In the first regression model 1, SEV of several risk factors from male and female populations aged 15 to 49 years was tested in association with SEV of low birth weight 1 year later. The second regression model tested the association between SEV of low birth weight and high body mass index in populations aged10 to 14 years, 10 years later. Created with BioRender.com.


As a standard procedure for data processing, the analysis began with testing the crude association between the predictor and the outcome, without adjustment for covariates. If a positive association was observed, a new model was created by including all adjustment covariates. In cases where this adjustment consistently blocked the association, a stepwise adjustment procedure was applied, where covariates were added individually to the model. This stepwise approach allowed for identifying specific covariates responsible for blocking the association. In the context of multivariable linear regression analysis, this method facilitates in determining the covariate primarily influencing changes in the association. By isolating this key covariate, it is possible to identify its role in altering the outcomes and analyze the interplay between different exposures and their effects on the results (23).

State-fixed effects were employed to account for intrinsic cultural, geographical, and historical characteristics that may vary across States but are fixed over time. The fixed-effects model is a robust and conservative analytical instrument well suited for examining aggregated health data (18) and was estimated using ordinary least square (OLS), which is employed to predict unknown parameters in a linear regression model. The use of the fixed-effects model aided in reducing the likelihood of multiplicity in the model. The output of the model can be interpreted as changes in the dependent variable associated with a 1-point change in the SEV for a given risk factor over time and is presented as the estimated coefficients and their associated 95% confidence interval (2.5 and 97.5% bounds).




3 Results


3.1 Association between reproductive-age population risk factors and LBW

To assess whether the exposure of male and female reproductive-age populations to several risk factors would be associated with SEV of LBW of newborn boys and girls 1 year after the exposure, a 1-year temporal lag model was created and applied. A summary of the State-level data on risk factors, socioeconomic determinants, and SEV of LBW is presented in Supplementary Tables 3, 4. As shown in Table 1, multivariable linear regression analyses showed a direct positive association of alcohol, tobacco, and SSB diet with SEV of LBW for both sexes. HBMI is also positively associated with SEV of LBW, except for HBMI in men and SEV of LBW in boys. Regarding HSBP, reproductive-age women showed a significant association with SEV of LBW for both girls and boys, while for men, HSBP was associated with SEV of LBW in boys but not girls (Table 1).



TABLE 1 Multivariable linear regression from several risk factors of the male and female reproductive-age population with SEV of LBW in newborn boys and girls.
[image: Table showing reproductive-age risk factors for newborn girls and boys, divided by women and men. Factors include Alcohol, SSB diet, TFA diet, HBMI, Glucose, HLDL, HSBP, LPA, and Smoking. Each factor's coefficient, confidence interval, and p-value are provided. Statistically significant p-values (≤ 0.05) are in bold.]

To enhance the robustness and accuracy of the analyses, the effects of socioeconomic covariates, Gini index, GDP per capita, hospital beds per 1,000 inhabitants, coverage of primary care, and poverty were incorporated as adjustments to the model, corresponding to the risk factors already identified as associated with LBW in Table 1. With such adjustments, as shown in Figure 2A, SEV for smoking was the only risk factor of the male population that sustained the association with LBW in both girls (0.26; 95% CI 0.06 to 0.4) and boys (0.31; 95% CI 0.1 to 0.5). In addition to smoking, SEV of HSBP in men was also associated with LBW, but only in girls (0.07; 95% CI 0.007 to 0.14). For the female population, several risk factors preserved the positive association with LBW for both girls and boys, which include SEVs of smoking (girls 0.28; 95% CI 0.1 to 0.4 and boys 0.24; 95% CI 0.1 to 0.37), alcohol (girls 0.43; 95% CI 0.01 to 0.8 and boys 0.6; 95%CI 0.26 to 1.00), and HSBP (girls 0.02; 95% CI 0.05 to 0.11 and boys 0.12; 95% CI 0.01 to 0.24). However, SEV of HBMI in women was associated with LBW only in boys (0.10; 95% CI 0.01 to 0.18) (Figure 2A).

[image: Bar charts show changes in low birth weight (LBW) per unit change in standard error variance (SEV) for males and females aged 15-49. Chart A examines smoking, alcohol use, SSB diet, high systolic blood pressure, and high BMI. Chart B analyzes SSB diet, stepwise adjustments, poverty, GDP per capita, primary care, Gini index, and hospital beds. Blue squares represent boys, and red circles represent girls, with significant changes marked by asterisks.]

FIGURE 2
 Risk factors of the female and male reproductive-age population (15–49 years old) associated with LBW in Brazilian States. (A) Multivariable linear regression analysis shows the risk factors of the male and female reproductive-age population associated with SEV of LBW in newborn boys and girls when fully adjusted for socioeconomic covariates. (B) Fully adjusted and Unadjusted regression models of SEV SBB diet with SEV LBW, followed by Stepwise adjustment from female and male population. Socioeconomic covariates: Gini index of household income; gross domestic product (GDP) per capita in R$ (Brazilian Reais); number of hospitals beds per 1,000 inhabitants; coverage of primary care; and Log Bolsa familia as poverty. The variables State- and year-fixed effects are included in the model. Risk factors are exhibited as follows: smoking as tobacco use, alcohol use, HSBP as high systolic blood pressure, SSB diet as diet high in sugar-sweetened beverages, and HBMI as high body mass index. * p < 0.05.


High SSB diet was the only positive association to be lost after full adjustment with covariates, representing a consistent response for both male and female reproductive-age populations despite the newborn sex (Figure 2A). Therefore, we performed further analyses employing stepwise addition of individual socioeconomic determinants, allowing the identification of potential covariates that may be confounding the association. Figure 2B shows that the SEV for the number of hospital beds, Gini index, and poverty did not change the positive association between SSB diet and LBW. On the other hand, stepwise adjustment for SEV coverage of primary care for men (girls 0.05; 95% IC −0.05 to 0.1 and boys 0.09; 95% IC −0.007 to 0.2) and women (girls 0.03; 95% IC −0.04 to 0.1 and boys 0.07; 95% IC −0.001 to 0.1) at reproductive age avoided the association with LBW in newborns from both sexes. Similarly, adjustment for SEV of GDP per capita blocked the association of SEV of SSB diet in men with LBW in newborn boys (0.1; 95% IC −0.01 to 032) and girls (0.1; 95% IC −0.06 to 0.3), while in women, it only prevented the association with LBW in girls (0.07; 95% IC −0.041 to 0.1) (Figure 2B).

Altogether, our data regarding socioeconomic and modifiable risk factors among male and female reproductive-age populations leading to LBW 1 year later supporting a sexually dimorphic association, once variables in women, such as HBMI and HSBP, appear to be more steadily associated with LBW in women than in men. Moreover, the exposure to SSB diet per se is associated with LBW, albeit the improvement of primary care or GDP per capita is possibly able to nullify it.



3.2 Association between LBW and peripubertal high body mass index

After analyzing the risk factors associated with LBW, we next proceeded to investigate how/whether LBW per se is associated with HBMI in the peripubertal age population. Thus, the second model data from SEV of LBW in newborn girls and boys and SEV of HBMI in peripubertal girls and boys using the same time series were applied in the multilinear models as shown in Figure 3. Between 1995 and 2007, the countrywide average SEV of LBW decreased by 17% in female (7.8 to 6.6, Figures 3A,B) and 15% in male (7.18 to 6.11, Figures 3C,D) neonates. In the meantime, the 10-year lagged (2005 to 2017) countrywide average SEV of HBMI in adolescents aged 10 to 14 years increased by 43% in girls (19 to 27.1, Figures 3E,F) and 52% in boys (17.7 to 27, Figures 3G,H), depicting an inversely proportional behavior of those variables over time in Brazil.
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FIGURE 3
 Summary exposure value (SEV) distribution of male and female SEV of LBW and peripubertal SEV of HBMI in Brazilian States in the 10-year lagged model. The maps display the SEV of LBW from 1995 (A) to 2007 (B) for girls, and 1995 (C) to 2007 (D) for boys. SEV of HBMI 10–14 years old from 2005 (E) to 2017 (F) for girls and 2005 (G) to 2017 (H) for boys. LBW: low birth weight; HBMI: high body mass index. Data were obtained from the Global Health Data Exchange (GHDx).


To test the State-fixed association between LBW and pubertal HBMI, crude and multivariable linear regressions were performed adjusting for covariates models, as previously described. When unadjusted, each 1-point increase in SEV of LBW was associated with a consistent increase of peripubertal SEV of HBMI in girls (1.6; 95% CI 0.66 to 2.55) and boys (2; 95% CI 0.8 to 3.2) (Figure 4). However, in multivariable analysis including all covariates, such association was lost, regardless of sex. To recognize the socioeconomic covariates that exerted a greater influence in the adjustment, the stepwise addition of covariates was performed. The individual adjustment for poverty, hospital beds, or Gini index did not block the association between LBW and HBMI between 10 and 14 years. Meanwhile, after adjusting for GDP per capita, both girls (0.2; 95% CI −0.5 to 1) and boys with LBW (0.3; 95% CI −0.4 to 1.1) were no longer associated with peripubertal HBMI. A similar result was obtained after adjusting for the coverage of primary care for both girls (0.6; 95% CI −0.4 to 1.7) and boys (1.1; 95% CI −0.07 to 2.2), suggesting that GDP per capita and primary care appear to be confounders to the burden of peripubertal HBMI among girls and boys born small (Figure 4).
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FIGURE 4
 Association between SEV of LBW and peripubertal HBMI in the 10-year lagged model with stepwise addition of covariates. The variables State- and year-fixed effects are included in the model. Data are presented as estimate and 95% confidence intervals. LBW: low birth weight. HBMI 10–14 yo: high body mass index between 10 and 14 years old. Covariates: poverty as Bolsa familia value in R$ (Reais) per 1,000 individuals; GDP per capita as gross domestic product (GDP) per capita in R$ (Brazilian Reais); coverage of primary care per 1,000 inhabitants; Gini index; and number of hospital beds per 1,000 inhabitants.





4 Discussion

The current study has shed light on the role of income per capita and access to primary care regarding the LBW rates in Brazil. Moreover, these social determinants also acted in the double burden of malnutrition, influencing LBW and peripubertal HBMI 10 years later. This main result is supported by the evidence that the association between the exposure of reproductive-age population to an SSB-rich diet and the occurrence of LBW was decreased in models including GDP per capita or coverage of primary care, which also prevented the association between LBW and HBMI 10 years later. It is noteworthy that these covariates blocked the association between the exposure of reproductive-age men and LBW in neonates from both sexes, highlighting the negative impact of paternal exposure on fetal health outcomes. Overall, the findings herein presented emphasize the need for public health policies addressing the reproductive-age population from both sexes to prevent LBW and its repercussions for future generations, especially in LMICs.

The detrimental effects of maternal smoking, alcohol use, HSBP, and HBMI prior to or during pregnancy on fetal health have been well documented, with evidence demonstrating a higher risk of preterm birth and LBW in several populations (24–33). On the other hand, emerging data have also highlighted the role of paternal preconception exposure to diverse risk factors negatively impacting fetal growth and lifelong health outcomes in the offspring (34–36). Therefore, considering both male and female exposure, we first created models directly associating female and male reproductive-age population risk factors with LBW, without adjustments. Our findings based on Brazilian States data align with those of previous studies. They supported a positive association of both male and female exposure to smoking, alcohol use, and HSBP with SEV LBW 1 year later, corroborating the association between LBW and male exposure to such risk factors.

Regarding HBMI in reproductive-age population, our results showed that pre-existent excess weight in women is positively associated with LBW, corroborating with previous studies from Korean, Polish, and Danish populations which showed that maternal preconceptional obesity increased the risk of LBW (24, 37, 38). When associating HBMI in men with LBW, we found a positive association with newborn boys, but not for newborn girls, suggesting a sex-specific role for paternal HBMI on LBW. Noteworthily, some studies have found a positive association between postconceptional obesity and maternal gain during gestation and a higher risk of the offspring being born large for gestational age or macrosomic (39, 40). Such data support distinct roles for the impact of maternal obesity on birth weight, depending on the time it occurs. Meanwhile, data concerning the impact of paternal obesity on such outcomes are still elusive despite the current debate about the paternal origins of health and disease (POHaD) (35, 36).

Transgenerational inheritance depends on genetic, epigenetic, and environmental aspects, varying in different populations, socioeconomic scenarios, and the aforementioned risk factor exposures (41). Thus, to bring our model closer to a real environment, socioeconomic adjustments at State-level data were added. In accordance with the historical association of maternal smoking or alcohol use with LBW in several populations (25, 30, 41–44), our data sustained this positive association even after adjustments were added. However, for alcohol use in men, the association with LBW was lost when socioeconomic data were added. Notwithstanding, when adjusted, female HSBP remained associated with LBW, corroborating the recent findings by Ishikuro et al. (32) in the Japanese population. Despite the inherent limitations of our population-based dataset, which precluded us from directly linking parents and offspring within individual-level associations, it does allow us to speculate that the same health- and lifestyle-associated risk factors apply for the understanding of preconceptional etiology of LBW and their role as transgenerational risk factors for non-communicable chronic diseases.

Considering malnutrition as one of the fundamental aspects of the environment, it is crucial to not reduce it to calorie intake, since it includes the assessment of macro- and micronutrient intake, as well as healthy or unhealthy food consumption, as classified by the Prime Diet Quality Score (PDQS) (28, 45). Unhealthy food includes SSB diet, and their inadequate consumption during pregnancy can impair fetal growth and development (28, 46). In a prospective study on Norwegian women, Englund-Ögge et al. (47) demonstrated that the lower the maternal education level, the higher is the positive association with maternal SSB intake, maternal HBMI, and preterm birth. Similarly, our unadjusted model showed that exposure of men and women to a diet high in SSB was positively associated with LBW, even though this association was lost when all the socioeconomic covariates were added. On the other hand, stepwise adjustments identified GDP per capita and access to primary care as the covariates responsible for preventing the association between a diet high in SSB and LBW in the Brazilian States, strengthening the evidence that socioeconomic status can modulate the impact of SSB ingestion on gestational outcomes.

Social disadvantage, especially low income, has been associated with intrauterine impairment of brain development, while increasing the access to social welfare programs as a way to reduce the burden of social disadvantage has the capacity to detain such outcomes (10, 48). This finding aligns with our results since access to primary care and GDP per capita played a pivotal role in the association of the exposure of reproductive-age population to SSB with LBW, highlighting the relevance of socioeconomic status and healthcare for perinatal health. Although the data presented herein are not sufficient to assert the overall protective effect of increased access to primary care and higher income per capita against LBW occurrence, they consistently suggest that in a context of high SSB intake, they may protect the fetus from being born small, a major consequence of intrauterine malnutrition, with a positive impact on its lifelong health status.

When investigating the mid-term repercussions of being born small, there was a positive association between LBW and HBMI in peripubertal girls and boys 10 years later, which was lost if income per capita and access to primary care were added to the model. This finding is corroborated by the concept of the developmental origins of health and disease (DOHaD), which has long hypothesized and examined the biological relationship between LBW and body weight gain throughout the lifespan (49, 50). Numerous studies have implicated LBW as a risk factor for obesity development in different populational groups (4, 49, 51–53). However, this study puts a spotlight on the unique role of primary care and GDP per capita in attenuating the association between being born with LBW and increasingly gaining weight over time. According to our data, Brazilian States with better access to primary care and higher income per capita were able to mitigate the mid-late metabolic effects of low birth weight, which supports the increasing notion that LBW is not a deterministic condition in terms of health or disease but rather a risk factor. LBW may lead to either a negative or non-negative outcome, depending on genetic, environmental, and socioeconomic status, as we have presented (4, 54–56).

Brazil is an LMIC historically marked by poverty and income inequality, with above 50% of the population facing some level of food insecurity (57), which helps explain the consistent rates of LBW over the years (~8.5%) (14). However, there are scarce data on the health status of those LBW newborns throughout their life cycle. Having said that, studies including long-term follow-up of children born small to assess the lasting effects of this condition in different scenarios are needed, as well as interventional research aiming to circumvent the metabolic disability. In addition to the limitations of our study, including that analyzed data were from a few years ago, because of lacking some recent year-series information in Brazilian sources, the study’s findings advocate for comprehensive public health interventions aimed at preventing the reproductive-age population exposure to well-known risk factors causing intrauterine malnutrition. Nonetheless, our data highlight the intricate interplay of socioeconomic factors and healthcare in influencing birth outcomes and call for targeted strategies to enhance male and female healthcare, ultimately fostering healthier outcomes for both mothers and their offspring.

Overall, this study provides evidence from an LMIC, Brazil, where alcohol consumption, smoking, high systolic blood pressure, high body mass index, and diet high in sugar-sweetened beverages in the population between 15 and 49 years old were associated with LBW in a State level. In addition, LBW is associated with a high body mass index of children between 10 and 14 years old. Remarkably, in both models, income and primary care played a pivotal role, suggesting that rich societies with high access to healthcare were favored to overcome the harmful effects of LBW on peripubertal metabolic health.
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Background: Pregnant women and children are vulnerable to air pollution-related adverse health effects, especially those residing in low-resource and high-exposure settings like India. However, evidence regarding the effects of early-life exposure to air particulate matter (PM) on childhood growth/developmental trajectory is contradictory; evidence about specific constituents of PM, like heavy metals, is limited. Similarly, there are few Indian cohorts investigating PM exposure and the incidence of acute respiratory infection during infancy. This study protocol aims to fill these critical gaps in knowledge.
Methods: We aim to establish a mother–child birth cohort through the enrolment of 1,566 pregnant women residing in two urban areas of central India. Antenatally, we will collect socioeconomic, demographic, and clinical information and details of confounding variables from these pregnant women, who will then be followed up until childbirth to assess their exposure to air PM. Biomonitoring will also be conducted to evaluate heavy metal exposure. At birth, pregnancy outcomes will be noted, followed by postnatal follow-up of live-born children until the first year of life to assess their achievement of growth/development milestones and exposure to pollutants. We will also estimate the incidence of Acute Respiratory Infections (ARI) during infancy.
Discussion: This manuscript describes the protocol for an Indian mother–child air pollution birth cohort study that aims to generate comprehensive evidence regarding the adverse effects of early-life (i.e., both pre- and post-natal) exposure to air PM and its constituent heavy metals among Indian children. This study will provide an epidemiological basis for further understanding in this context. Finally, by reporting our carefully planned study methods/outcome measures, which are comparable to those of published and ongoing birth cohorts, we aim to serve as the starting point for similar cohorts in the future, which, when considered together, would generate enough evidence to facilitate context-specific policy-making and development of appropriate prevention and mitigation strategies.

Keywords
 acute respiratory infection; air pollution; birth cohort; child development; growth; heavy metals; India; particulate matter


1 Introduction

Air pollution is the most significant worldwide threat to human health and life expectancy, with 7 million global deaths being attributable to its exposure (1, 2). The United Nations Environment Programme (UNEP) reported that the vast majority of people worldwide reside in places where the concentration of particulate matter (PM) pollutants in the air exceeds the stringent permissible limits prescribed in the 2021 air quality guidelines of the World Health Organization (WHO) (3, 4). People living in India and other low- and middle-income countries, particularly pregnant women and children, are at significantly higher health risk (5–7). Therefore, the WHO– United Nations Children’s Fund (UNICEF)–Lancet Commission, in its 2020 report focussing on the future of the global child population, has stressed evidence generation and subsequent interventions to safeguard the health of children, especially in high pollution exposure settings, to expedite the fulfillment of the 48 child-related Sustainable Development Goal (SDG) indicators (8, 9).

Air pollution adversely affects pregnancy, fetal growth, and development (10–12). However, evidence regarding the effects of early-life (i.e., pre- and post-natal) exposure to air particulate matter on the childhood growth trajectory is contradictory. Some studies demonstrate an increased relative risk of childhood stunting, wasting, and being underweight (13–15). At the same time, others have also reported a higher risk of childhood obesity and raised body mass index (BMI) (16, 17). Even among infants, published evidence is contradictory. For example, a Colorado-based prospective cohort study reported higher adiposity among exposed infants at the 5th-month follow-up (18). Similar results were reported by a Chinese birth cohort (19). In contrast, a cohort study from Ghana reported lower length-for-age (stunting) and weight-for-length (wasting) z-scores among exposed infants (15). On the other hand, a recent randomized trial conducted in four low- and middle-income countries that substituted biomass burning with clean cooking fuel, leading to a reduction in antenatal personal exposure levels, reported no difference in the risk of stunting in infants (20). Therefore, further research is required to provide confirmatory evidence. This ambiguity in evidence might be because few studies have investigated the differential effect of chemical constituents of particulate matter, which are a heterogeneous mixture of multiple components with varying toxicity profiles (21). Particularly, there is a paucity of longitudinal research investigating the association between early-life exposure to multiple heavy metals and aberrations in childhood growth or development (22, 23). Considering the magnitude of the public health burden posed by air pollution and child growth/developmental abnormalities in low- and middle-income countries such as India (24), where annually more than 250 million under-five children fail to attain their optimum developmental potential (25), this study protocol aims to generate comprehensive evidence in this context to complement the limited India-specific evidence published so far (26–28).

Another adverse effect of prenatal air pollution exposure is the alteration of immune mechanisms in children (29–31), which can increase the risk of infectious diseases such as acute respiratory infections (ARIs). Evidence supporting this link is mainly based on studies conducted in high-income countries (32). The burden of childhood ARI is enormous in India, which is one of the top 15 countries globally in terms of the prevalence of ARI and subsequent childhood mortality, with 0.4 million under-five children dying annually from ARI-related diseases (33). However, Indian evidence on air pollution-induced childhood ARI is mainly limited to cross-sectional surveys or ecological retrospective data analysis. Further, these studies have used proxy measures such as questionnaire data to elicit either household exposures (34, 35) or ambient air pollution (36, 37). Thus, considering these knowledge gaps, this study protocol also focuses on identifying the association of variation in the incidence of ARI till one year of age among children exposed during early life to different levels of air PM and its heavy metal content.



2 Aims and objectives

We aim to establish an urban mother–child birth cohort in central India. The data collected from this cohort will enable us to understand the health burden posed by early life exposure (i.e., pre- and post-natal) to air PM and its heavy metal composition in Indian children and the role of such environmental exposure in the multifactorial aetiology of our chosen study outcomes. The specific objectives being addressed in this research are:

	1. To investigate the variation in achievement of growth/developmental milestones during the infancy period of children attributable to different levels of early life exposure to air pollution
	2. To assess the incidence of acute respiratory infections during the infancy period of children attributable to different levels of early-life exposure to air pollution
	3. To find the association of exposure to selected heavy metals (as represented by blood concentration) among pregnant women /children with assessed morbidity outcomes of children.



3 Materials and methods

During the drafting of this manuscript, details were reported as per the STROBE checklist, which was modified to suit requirements specific to the protocol of cohort studies (see Supplementary material).


3.1 Study design

This is the protocol for a population-based prospective cohort study. During the first phase of this study, which will be implemented over three years, we will establish the mother–child birth cohort and conduct regular follow-ups for exposure and clinical assessments of study participants during the antenatal and 1-year postnatal period (see Figure 1). In the next phase, the established cohort will be followed up annually by securing further funding.

[image: Study measures table detailing data collection points. Categories include information about pregnant women, household characteristics, children, and environmental assessments. Checkmarks indicate data collection stages: enrollment, gestational follow-ups, post-delivery, and up to twelve-month follow-ups.]

FIGURE 1
 Overview of activities to be conducted in the study (Activities under the study are listed on each row and the timing of each activity is indicated by a tick mark in the cells corresponding to the column headings showing the phase of study such as enrolment, gestational follow-up, post-birth and month-wise follow-up (FU) in the infancy period. Ambient air particulate matter/heavy metal assessment and land-use regression (LUR) modeling will be done over the entire study period and have been shown using arrows. ANC, antenatal care; APGAR, scoring given to child after birth based on appearance, pulse, grimace, activity, and respiration; ARI, acute respiratory infection; HC, head circumference; LUR, land use regression; MAC, mid-arm circumference; NICU, neonatal intensive care unit; PM, particulate matter).




3.2 Study setting

The cohort population will be enrolled within the boundaries of urban local bodies (municipal corporations) of two selected cities (Bhopal and Ujjain) of Madhya Pradesh (MP), a large province located in central India (see Figure 2). The process of finalizing these two cities to establish the cohort has been detailed in Supplementary material (Data Sheet 1). MP is a large province with a total population exceeding 72 million (38), of which around 25% reside in urban areas (39). MP has thirty-two cities, with Bhopal and Ujjain ranking as the second and fifth most populous cities in the province, respectively (40). The child population accounts for 12.02 and 11.45% of the total population of these two cities, respectively (41, 42). The average literacy rate of the total population (Bhopal: 83.47% versus Ujjain: 84.43%, both of which are at a higher level than the Indian average of 74.04%) and proportion of slum population (Bhopal: 26.68% versus Ujjain: 23.32% both of which are at a higher level than the Indian average of 5.41%) in these two cities are comparable, highlighting that the socioeconomic scenario of these two cities are similar (41, 42).

[image: Map showing India's provincial boundaries, highlighting the state of Madhya Pradesh in blue. Enlarged insets display the locations of Bhopal in pink and Ujjain in orange. The study setting is marked with a red dot.]

FIGURE 2
 Map showing the location of study cities the image shows clockwise the map of India with the location of the central Indian province of Madhya Pradesh demarcated in green, inset of Madhya Pradesh showing the location of study cities- Bhopal and Ujjain (This image was developed by the research team in the QGIS software (Version 3.28.15). The India map with state and provincial boundaries and point location of Indian District Head Quarters (indicating location of cities) was retrieved from the survey of india- administrative boundary database available at https://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx).




3.3 Study population

Consenting pregnant women (n = 783 from each city), aged ≥ 18 years, with documented gestational age less than or equal to 16th week, who have been primarily residing in the study cities for at least the past year (and have no imminent plan to shift residence for more than a continuous period of one month away from their current address during the study period) will be enrolled. We will exclude pregnant women who have a history of using any assisted reproductive technology or who have been diagnosed with a high-risk pregnancy where complications are anticipated (43). We will also exclude pregnant women with occupation or lifestyle factors that are reported by previous studies to be sources of exposure to high levels of PM (44–46). Women with pregnancy loss, preterm birth, and term neonates with birth asphyxia and diagnosed congenital anomalies will be identified using relevant records and withdrawn from further follow-up. Details of operational definitions to be used for excluding participants at the time of enrolment and during follow-up phases have been described in Supplementary Table S1.


3.3.1 Sample size calculation

The calculated sample size is 571 mother–child pairs. Our main objective is to investigate the effect of early-life exposure to air pollution on child growth/development. Stunting, a prevalent manifestation of chronic malnutrition, is one of the significant indicators for delay in the achievement of growth/developmental milestones in children (47). Hence, we have calculated the sample size by assuming a power of 80%, a two-sided confidence level of 95%, and by using data available from a recent publication (48). This article estimated an odds ratio (OR) of 1.74 for stunting among under-five children with long-term exposure to PM2.5. We applied relevant continuity correction and inflation to account for participant exclusions during follow-up and anticipated non-response/participant attrition. Thus, we will enroll 783 pregnant women in each study city (1,566 participants in total) to establish the final cohort of 571 mother–child pairs. Further details of sample size calculation have been enumerated in Supplementary material (Data Sheet 2). We will continue to use the same cohort for our subsequent objectives.



3.3.2 Sampling strategy

We will obtain information about eligible pregnant women in the study area from community health workers (CHWs), who are usually the first point of contact for antenatal care (ANC) among Indian pregnant women (49, 50). Before the launch of the study, we will identify and enlist, with the help of relevant district-level offices, all the CHWs working in both study cities under the Integrated Child Development Scheme (ICDS) and National Health Mission (NHM) (51, 52). These include Anganwadi workers (AWW) and Accredited Social Health Activists (ASHA), respectively (49, 50). We will approach all CHWs to gain their consent to cooperate, and those willing will be briefed about the study participant enrollment procedure.

We will contact pregnant women identified by CHWs at their homes or at the nearest Anganwadi Centre [community maternal and child care centre in India functioning under the ICDS (53)] to describe our study, confirm their eligibility using a pre-designed checklist, and finally obtain written informed consent. After administration of written informed consent (including consent for follow-up of their child for one year), pregnant women will be enrolled for participation in the study.




3.4 Data collection


3.4.1 Exposure data collection

A multi-pronged strategy will be used to collect individual and neighborhood-level exposure data. To begin with, historical data on the neighborhood-level concentration of air PM (PM10 and PM2.5) covering the two study cities will be retrieved from available open-access sources. For example, in India, in addition to using satellite-derived aerosol optical depth as a source for PM data, the Central Pollution Control Board (CPCB) provides freely available information from its network of fixed-site automatic monitors (continuous ambient air quality monitoring stations - CAAQMS) and gravimetric samplers under the National Air Quality Monitoring Program (NAMP) (54, 55). Using the city-level air PM data, we will develop an exposure database at a high spatial scale using the Land Use Regression (LUR) model for both cities. LUR has been widely used to predict the concentration of air pollutants (measured through distant fixed site monitors and/or remote sensing data) at target locations (i.e., the residential addresses of the selected participants) (56–58). We will develop our LUR model to assign ambient PM2.5 and PM10 exposure to each participant based on the geocodes of their residence. We will follow the methodologies previously published for urban area LUR models, such as that under the ESCAPE project (59) and for Indian cities (60, 61). Accordingly, in our LUR model, we will use data for a range of geographic, population, and emission source-specific predictor variables retrieved from open access sources, including satellite data, local authorities, and/or collected from field-level verification. For example, data on land use, road network, population density, elevation, meteorological, and other relevant variables will be used, in line with previous studies (56–58). We will adopt a supervised forward addition linear regression approach for model development and perform diagnostics on the fitted models to maintain the linear regression. Finally, we will assess the performance of the developed model by adopting a 10-fold cross-validation approach (62). In addition, we will also measure the personal exposure to air PM (PM10 and PM2.5) of each enrolled pregnant woman once in each trimester after enrolment to increase the accuracy of PM exposure data while accounting for participant mobility. For these measurements, low-cost battery-operated portable sensors will be used, as has been reported in previous studies (63, 64).

For the heavy metal component of our study, we will conduct biomonitoring of study participants. Blood samples collected from enrolled pregnant women and their live-born children will be analyzed through Inductively coupled plasma optical emission spectroscopy (ICP-OES) using the hot-acid digestion method given by the United States Environmental Protection Agency (USEPA) (65). We will limit our analysis to those heavy metals that are known to adversely affect childhood growth and development and are found in the ambient air of study cities during our air sampling and subsequent composition study. For this, we will refer to previous large-scale studies conducted in Spain, China, and other countries, as well as published systematic reviews (66–70), to compile a list of heavy metals with known adverse effects on childhood growth and development. Simultaneously, we will conduct air PM composition analysis focussing on identifying heavy metals that exceed the permissible limits in the ambient air following CPCB methodology (71) for sampling and, subsequently, USEPA guidelines for laboratory analysis (65).



3.4.2 Outcome and covariates data collection


3.4.2.1 Pregnant women

In the first (baseline) visit to households of eligible and consenting pregnant women, the detailed residential address (including contact details and geographic coordinates), as well as details of the participant and her household members, will be collected at the time of enrolment. Briefly, we will collect information on age, education, occupation, lifestyle factors, medical history (including details of current/past pregnancy and prescription drug use), and relevant family history from the pregnant women. The maternal height and weight will be recorded at the baseline visit. Detailed data about previous pregnancies (if any) will include parity status, birth intervals between consecutive births, and history of anemia/malaria/urinary tract infection/other infections/any other complications in a past pregnancy. In addition, the demographic details, socioeconomic characteristics, water, sanitation, hygiene, and environmental factors related to her household will be collected. The enrolled pregnant women will be followed up once in each trimester in the remaining period of gestation to collect information regarding the occurrence of spontaneous abortion/miscarriage and the details of scheduled antenatal check-ups undergone by the pregnant women. We will note their preference for a hospital/healthcare facility where they would opt for childbirth.



3.4.2.2 Live-born children


3.4.2.2.1 Early neonatal period

3.4.2.2.1 Early neonatal period. According to the information regarding the calculated expected date of delivery (EDD) obtained during the baseline visit, the pregnant women will be contacted within 1 week of the EDD to collect information on pregnancy/birth outcomes (date of childbirth to calculate the child’s chronological age, live birth versus stillbirth, gestational age at birth and congenital anomalies). After getting information about the birth, study staff will visit the hospital/house of the mother to collect anthropometric data of the baby (preferably within 72 h of birth) to supplement the information obtained from hospital/medical records. In cases where the mother/child cannot be contacted within 72 h of birth, we will try to collect relevant data about the child as early as possible before the 1st-month follow-up visit.



3.4.2.2.2 Monthly follow-up of the child till 1st year of age

3.4.2.2.2 Monthly follow-up of the child till 1st year of age. All eligible live-born children will be followed up at their homes/nearest Anganwadi centre. To ensure timely and smooth data collection, follow-up visits will be scheduled in a manner that these visits coincide with routine house-to-house visits carried out by CHWs under different ongoing national programs [such as Home-based newborn care (HBNC) and Home-Based Care for Young Child Programme (HBYC) under NHM and “Poshan Abhiyan” (72), “Dastak Abhiyan” specific to MP (73)]. In each monthly follow-up visit, anthropometry, achievement of developmental milestones, and acute morbidity profile will be recorded. Additional information about at-birth APGAR score, weight, length, head, and mid-arm circumference will be collected in the 5th visit (child age 1 month). Blood samples for heavy metal analysis and the data on child immunization and feeding practices will be collected in the 17th visit (during the 12th month of the child’s age).




3.4.2.3 Details of data to be collected

The list of domains, variables, and measurement timing of this study are described in subsequent paragraphs and shown in Figure 1.


3.4.2.3.1 Exposure variables

3.4.2.3.1 Exposure variables. The main exposure/independent variables to be investigated in this study are mean (daily/monthly/annual) concentration of particulate matter (PM10 and PM2.5) for the specific geo-location of each study participant and mean levels of heavy metal in blood samples of participants (pregnant women and children).



3.4.2.3.2 Study outcomes

3.4.2.3.2 Study outcomes. The primary study outcomes are related to childhood growth and development, as shown in Tables 1, 2. In addition, we will also estimate the incidence rate of ARIs (number of episodes of ARI during infancy/total number of children under follow-up). We modified the Integrated Management of Childhood Illness definition for ARI [given by WHO/UNICEF (74)] which has been used previously (75) to create an operational definition of ARI for this study. Modification was done by incorporating the signs and symptoms mentioned in the Integrated Management of Neonatal and Childhood Illness (IMNCI), Ministry of Health & Family Welfare, Government of India. Accordingly, ARI will be defined as cough or difficulty in breathing with or without any general danger signs, with or without any chest indrawing, stridor, and fast breathing. Depending upon the site of inflammation determined by the paediatrician based on clinical signs and symptoms, it will be classified as ARI of the upper respiratory tract and ARI of the lower respiratory tract. Further, depending upon the severity, ARI will be classified as per IMNCI guidelines into “No Pneumonia: cough or cold,” “Pneumonia,” and “Severe Pneumonia or Very Severe Disease.” Based on previous research, we will define each episode of ARI to last for two weeks (75). When a child who has had no symptoms for at least one week develops signs and symptoms of ARI, we will treat that as a new episode (75).



TABLE 1 Operational definitions, indicators, and measurement methods to be used for child growth-related outcome measures.
[image: A table describes four health outcomes related to child growth: Small for Gestational Age (SGA), Low Birth Weight (LBW), Overweight/Obese, and Underweight/Wasted/Stunted. Each outcome has operational definitions, variables/indicators, and measurement methods. SGA and LBW are based on birth weight, with proportions verified by hospital records. Overweight/obesity uses BMI standards, checked through monthly measurements. Underweight/stunting uses Z-scores compared to WHO growth standards, with classifications based on deviations from median values. Measurements involve hospital records, BMI calculations, and WHO growth standard comparisons.]



TABLE 2 Operational definitions, indicators, and measurement methods to be used for child development-related outcome measures.
[image: Table displaying methods for assessing child development progress. Columns include Outcome, Operational Definition, Variable/Indicator, and Measurement Method. Definitions cover ASQ-3 scoring for developmental levels, developmental quotient calculations, and specific developmental domains. Variables address domain-specific scores and milestone achievement proportions. Measurement methods reference ASQ-3 questionnaires and author-developed questionnaires.]



3.4.2.3.3 Confounding variables/effect modifiers

3.4.2.3.3 Confounding variables/effect modifiers. We will collect information for a wide range of covariates identified from a detailed literature review. We will collect information using questionnaires and case report forms developed for this study. Wherever possible, relevant questions will be adapted from pre-existing validated questionnaires. To minimize attrition over time, we will ensure that an optimal number of questions will be asked without missing out on important information.

Child-specific details will be retrieved from discussions with care providers and by consulting available hospital records. Briefly, we will record information such as age, gender, birth order, status of immunization [i.e., as per the National Immunization Schedule (NIS) of the Universal Immunization Programme (UIP) in India (76)], history of anaemia and other acute morbidities (defined as per the Integrated Disease Surveillance Project (IDSP) (77) of the Government of India), relevant medical history, including at-birth details of APGAR score, length, weight, head circumference, mid-arm circumference, neonatal intensive care unit (NICU) admission, co-morbidities and family history.

We will collect family-specific information in the form of a household roster detailing the age, education, occupation, relevant medical history, and tobacco/alcohol consumption [using standard questions provided by the WHO STEPwise instrument (78)] of family members. Then, the household socioeconomic status (SES) will be categorized based on scores assigned using the latest revision of the Kuppuswamy Scale (79). Household water sanitation and hygiene assessment will be done using a pre-tested structured questionnaire which the study team has developed by adapting questions from the “Core questions on drinking-water and sanitation for household surveys” given by WHO/UNICEF (80).

In addition to the data collected at baseline, current pregnancy-related information will also be collected from the pregnant women. After birth, during monthly follow-ups with the child, the mother will be asked about breastfeeding and complementary feeding (after the child attains 6 months of age) practices. For data collection on complementary feeding, we will use relevant questions from a questionnaire previously used in Indian settings (81).

Finally, information about other environmental factors, such as the built environment and other indoor exposures, will be collected by adapting questions about built environmental factors such as ventilation, building material, area and construction of the house, and fuels used for cooking or heating from the ‘household questionnaire’ of the National Family Health Survey, India 2019–20 (NFHS – 5) and the ‘house-listing and housing census schedule’ of census 2011 (82, 83). Additionally, we will leverage the field experience gained by the study team in designing and using an exposure questionnaire in a previous cohort study conducted in central India, focussing on the impact of the built environment on population health (84–86).






3.5 Data management

We will formulate a Data Collection and Management Committee (DCMC) consisting of the team’s principal investigator and other senior investigators. This committee will ensure that during the implementation of this research, the national guidelines for biomedical research data collection and management (87), are followed stringently to maintain the quality of data collection and analysis. For example, equipment used in the study will be routinely calibrated, and laboratory testing will be conducted using high-quality reagents. Research staff will be adequately trained before the start of project work. We will validate the study questionnaires, which have been developed by adapting questions from standardized tools, and these will be pilot-tested before use. DCMC will also handle requisite communication with the ethics committee and other ethical considerations, including data dissemination. The DCMC will ensure proper management of data. Filled questionnaires will be stored in secure locked cabinets, while online or computer-based information will be kept safe using passwords accessible only to the research team. All data forms will have a unique identifier, which will be used to link collected information on exposures, outcomes, and confounders to ensure accurate data integration while maintaining participant confidentiality. Data entry done by research staff will be supervised by the DCMC, who will randomly verify the entered data to check for data entry mistakes. We will use multiple imputation methods to manage missing data.



3.6 Statistical analysis and reporting

The data will be entered using open access online applications from which the data will be downloaded and exported to SPSS statistics software (Version 25) and the latest versions of R packages/R studio for analysis. Data will be summarized using descriptive statistics like mean/standard deviation (SD) or median/Interquartile range. For categorical variables, summary estimates will be reported using frequency with percentages and within two selected study settings. An initial analysis will compare aggregated data between cities with high and low pollution levels. For this, relative risk (RR) and attributable risk (AR) will be calculated through the relevant equations using the probability of outcome (incidence/proportion) among the high pollution group (exposed) divided by the probability of outcome among the low air pollution group (relatively unexposed).

The next level of analysis will be based on the range of the estimates of PM2.5 /PM10 exposure concentrations and blood heavy metal levels found in the study participants (i.e., pregnant women/live-born children). We will use relevant correlation coefficients to assess possible correlations between environmental variables- PM2.5 /PM10/blood heavy metal levels and the health outcomes – growth indicator related z scores/development quotient/ARI episodes (Pearson or Spearman).

Finally, multivariable logistic regression model analyses will be used to study the relationship between environmental variables- PM2.5 /PM10/blood heavy metal levels and the health outcomes in binary forms – growth/development/ARI. Briefly, multiple linear mixed-effects regression model analyses will be used to study the relationship between the levels of early-life exposure (concentration of environmental pollutants- PM2.5 /PM10 concentration/ heavy metals in pregnant women and the child participant- monthly means for the former and cumulative mean- i.e., in-utero maternal exposure summed with infancy period exposure to heavy metal) and child health outcomes- mean anthropometric data (height, weight, head, and mid-arm circumference) and developmental level (obtained from developmental quotient/mean score on ASQ-3 scale) of each participant (live-born children) while adjusting for confounders. Similar regression equations will be used to analyze the association between exposure and delay in achieving growth and developmental milestones. Subsequently, the PM2.5, PM10 data and other environmental/sociodemographic data will be used in a logistic regression model of ARI symptoms within a distributed lag nonlinear modeling framework (DLNM) (88, 89). This approach will test the associations of PM2.5 /PM10 exposure over the preceding time periods and the distribution of growth z-scores / occurrences of ARI events (90–92).

Analyses will be performed separately for each child’s morbidity outcomes, such as growth/developmental parameters/domain. All analyses will adjust for different confounding variables included in the study. Details of such confounders for statistical adjustment will consist of gender, family size, socioeconomic status, gynecological/obstetrics/other relevant medical history, and data from environmental assessments of the households (built environmental attributes). We will also adjust for the effect of low birth weight and small-for-gestational-age on the studied association (Supplementary material). We will also conduct sensitivity analyses to test the robustness of our findings, for example, analysing a subset with complete data and comparing the results with the entire dataset where missing data imputations have been done.



3.7 Ethical considerations

This study was reviewed and approved by the Institutional Ethics Committee (Human), National Institute for Research in Environmental Health (vide approval letter number: ICMR-NIREH/BPL/IEC/2023–24/1307 dated 16/02/2024). At the beginning of the research, we will obtain written informed consent from the pregnant women for both their and their child’s participation, allowing data collection and scientific dissemination. If we identify any pregnant women or children with signs of illness or health complications during our survey, we will refer them to a nearby government hospital. We will inform the study participants and their families about the study’s final findings through meetings organized in the community with the help of the CHWs. We will also disseminate the findings scientifically through the publication of peer-reviewed articles.




4 Discussion

The ELitE birth cohort study will be a relevant addition to the currently sparse evidence base about the long-term effects of early-life exposure to air pollutants among Indian children. Owing to physiological pulmonary adaptation during pregnancy, women inhale a higher volume of air and the pollutants in it in each respiratory cycle (93). Adverse health effects in the mother coupled with the now-acknowledged potential of PM to cross the placenta cause placental malfunctioning as well as other direct and indirect environmental insults to the susceptible developing fetus (94–98). Postnatally, multiple factors such as higher baseline ventilation rates, predominance of mouth-breathing bypassing nasal clearance of particles, and immature immune/pulmonary systems contribute to both higher risk of PM exposure and increased inhaled doses post similar levels of exposure in children who have different deposition and clearance probabilities than adults (99). Hence, pregnant women and children, particularly those living in low-resource, high-exposure settings like India, are especially vulnerable to the adverse health effects of air pollution. Therefore, it is essential to collect prospective longitudinal data to document and understand these impacts over time.

The adverse effects of PM exposure on child growth/developmental trajectory have been shown by epidemiological studies, albeit with contradictory findings (13–17). However, the biological mechanisms mediating these effects are not well explored, leading to perpetuating ambiguity (100). Recently, Sinharoy et al. (101) attempted to elucidate the pathophysiological framework underlying the exposure-response relationship between air pollution and stunting. Authors posited that antenatal exposure via oxidative stress and inflammation leads to mitochondrial dysfunction, decreased DNA methylation, and shortened telomere length, all of which contribute to placental dysfunction and poor foetal growth (101). Further, authors argue that adverse effects on developing immune and pulmonary systems affecting the child’s susceptibility to infections compounded by alterations in appetite versus bodily requirements and dietary metabolite absorptions vis-à-vis loss, particularly that of vitamin D, can contribute to post-natal growth failure leading to stunting (101). Other researchers have also reported similar mechanisms (102, 103). Growth failures due to chronic malnutrition during early childhood can independently translate into developmental delay (104, 105).

On the other end of this spectrum, research has found links between PM exposure and adiposity. The association between PM and obesity is well-established among older children and adults, as shown by a recent review (106). It is said to be mediated via many mechanisms ranging from oxidative stress/inflammation and epigenetic changes to perturbations in metabolic and intestinal flora balance (106). However, the common postulation explaining this dichotomy in the PM effect on growth trajectory reasoned that children with early-life growth restriction are at higher risk of metabolic diseases, including obesity, at a later phase in life as per the developmental origins of health and disease (107, 108). However, recent evidence challenges this mode of reasoning since obesity and higher adiposity have been noted among exposed infants (18, 19). Another line of thinking has evolved, which contemplates that the phenotype of fetal growth restriction in an antenatally exposed mother could be immediately followed by rapid weight gain in the infancy period (109). However, the overall paucity of longitudinal evidence precludes the drawing of any conclusions. The study presented here will help fill in the existing gap in knowledge owing to the scarcity of longitudinal evidence by establishing a birth cohort consisting of mother–child pairs from two urban areas of central India. Although findings are not expected to be generalizable globally, the prospective follow-up data collected in this cohort study will provide strong evidence for planning and policymaking in this field.

This study has multiple advantages owing to its multi-disciplinary research team, which aids in comprehensive information collection and enhances the validity of the study’s findings. Such a strength would be crucial since we deal with child growth and development, a complex multidimensional concept (110, 111). Children are vulnerable to the effects of the complex interplay between a multitude of factors ranging from environmental and psychosocial to genomic insults (112). These factors are hypothesized to begin their effect even before conception (113). Therefore, researchers are increasingly acknowledging the concept of the “exposome,” first introduced in 2005, as the entirety of all non-genomic influences from conception to death owing to the internal effects from the human bodily environment and external influences encompassing harmful exposures to chemical pollutants/infectious pathogens, health behavioral factors linked to tobacco/alcohol consumption, physical activity or diet and even societal, economic, psychological and spiritual factors (114, 115). However, accounting for all potential exposure and confounder variables is a humongous task demanding high-end infrastructure, cost-intensive analytic methods, and high-dimensional data computational facility, all limited in low-resource settings (116). Therefore, although we have not been able to incorporate multiple exposures such as residential greenness, high-decibel community noise, water/food pollutants such as pesticides, endocrine disrupting chemicals, etc., with known effects on child growth/developmental trajectory and morbidity profile (117–123), and “omic” technologies; we have planned for this longitudinal transgenerational study with follow-up at regular intervals and biological sampling to initiate the investigation in this field in India. As evidence from similar cohorts begins to accumulate, the opportunity for robust data analysis will expand. In the future, the evidence base can be strengthened by merging collected exposure and health outcome data with advanced analyses of stored biological samples, similar to the approach used by the EXPOsOMICS research group (124).

A limitation of this exposure-response cohort is the potential of missing personal exposure information in the first trimester. Considering operational feasibility, the 16th week was chosen as the cut-off for pregnant women’s enrolment and the start of exposure assessment in the antenatal period. Previous research has shown that most women in India report their first antenatal care visit within a median time of 16 weeks of gestation, and only 19.6% of pregnancies are detected and registered within the first trimester (125, 126). Hence, it is likely that we will be enrolling most of our pregnant participants in the gestational period of the 12th -16th week, and our field-data-based exposure assessment will fail to account for the complete picture of first-trimester exposure. This can be a significant limitation since it is plausible that the sensitive window for exposure in this context can be during the first trimester. Data analyzed from the INMA Spanish birth cohort showed that the z-score for length at the 6th month of the child’s age reduced by 6% for every 10-μg/m3 increase in antenatal NO2 exposure during the first trimester (127). Block and Calderón-Garcidueñas (128) also stated that first-trimester exposure to organic constituents of PM, such as polycyclic aromatic hydrocarbons, had a maximal effect on fetal growth when compared with later exposures. This limitation affects birth cohorts in low- and middle-income countries in Asia and Africa. For example, a rural Ghanaian pregnancy cohort investigating air pollution and childhood growth trajectory enrolled pregnant women at or before the 24th week of gestation (15). Authors would have been facing similar constraints as us since the median time to first visit for antenatal care among African women has been reported to be 5 months (129).

We have attempted to overcome this limitation by incorporating past exposure open-access data (such as CPCB ground monitoring stations/satellite-based estimates) of PM2.5 into our constructed LUR models. Previous studies have used this method. For example, the recently published Californian population-based prospective pregnancy cohort study (MADRES) enrolled pregnant women with a gestational age of less than 30 weeks and obtained air pollution exposure information using data from the United States Environmental Protection Agency Air Quality System to model daily participant exposure beginning from 2 years before pregnancy (130). However, using only LUR modeling-based exposure assessment suffers from ecological fallacy (131). Final estimation is highly dependent upon the density of monitoring stations from which PM data can be used to train the models and the granularity of data for predictor variables and, thus, cannot accurately differentiate between individual-specific exposure, particularly when their residential addresses are clustered close together (132, 133). Hence, data triangulation by adding personally measured and biomonitoring data would increase confidence in the overall exposure assessment (134). We have thus adopted a multi-pronged strategy to estimate the study participants’ accurate exposure information.

Finally, to ensure the highest level of internal validity of our study, we will attempt to overcome the biases inherent in adopting a cohort study design (135, 136). For example, to control for attrition bias, loss-to-follow-up will be minimized through better rapport building with the study participants with the support of CHWs. Published evidence acknowledges the crucial role played by CHWs, who are usually residents of the locality where they work and, hence, have an established rapport with their beneficiaries (137, 138). By seeking the active cooperation of CHWs through appropriate incentivization, we will be leveraging this trust built with the community. Hence, we expect attrition to be minimal in the study. In addition, we will also systematically document the characteristics (including the reasons for withdrawal) of those participants who decline further follow-up. Although not wholly amenable to control, other selection biases like non-response bias and healthy entrant bias will be accounted for by asking for and recording relevant information about those pregnant women who refuse to participate in the study when approached for consent (135, 136). Similarly, information and confounding bias will be minimized by ensuring the use of validated pilot-tested questionnaires and appropriate collection of data on exposure, outcome, and confounding variables by trained research staff (135, 136).



5 Conclusion

This manuscript outlines the methodology for establishing an Indian mother–child air pollution birth cohort and its follow-up. The study addresses critical gaps in existing evidence on the adverse effects of early-life exposure to air PM and its heavy metal constituents among Indian children. While resource limitations may restrict comprehensive exposure assessment and reduce the generalisability of our findings to all sub-populations within India and other low- and middle-income countries, the study’s strengths will provide a valuable epidemiological foundation for advancing knowledge in this area. By detailing our rigorously planned study methods and outcome measures, which align with established and ongoing birth cohorts, we aim to serve as a foundation for future cohorts. Collectively, such efforts can generate robust evidence to inform context-specific policies and the development of effective prevention and mitigation strategies.
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Glossary

ANC - Antenatal Care

APGAR - Scoring Given to Child after Birth based on Appearance, Pulse, Grimace, Activity, and Respiration

AR - Attributable Risk

ARI - Acute Respiratory Infection

ASHA - Accredited Social Health Activists

ASQ-3 - Ages and Stages Questionnaire- Third Edition

AWW - Anganwadi Workers

AQI - Air Quality Index

BMI - Body Mass Index

CAAQMS - Continuous Ambient Air Quality Monitoring Stations

CA - Chronological Age

CHW - Community Health Workers

CPCB - Central Pollution Control Board

DA - Developmental Age

DCMC - Data Collection and Management Committee

DNA - Deoxyribonucleic Acid

DQ - Developmental Quotient

DLNM - Distributed Lag Non-Linear Model

EDD - Expected Date of Delivery

EDXRF - Energy-Dispersive X-Ray Fluorescence

GIS - Geographic Information System

HBNC - Home-Based Newborn Care

HBYC - Home-Based Care for Young Child Programme

HVAS - High Volume Air Sampler

ICD - International Classification of Disease

ICDS - Integrated Child Development Scheme

ICP-OES - Inductively Coupled Plasma Optical Emission Spectroscopy

IDSP - Integrated Disease Surveillance Project

IMNCI - Integrated Management of Neonatal and Childhood Illness

LBW - Low Birth Weight

LMP - Last Menstrual Period

LUR - Land Use Regression

MP - Madhya Pradesh

NAAQS - National Ambient Air Quality Standards

NFHS - National Family Health Survey

NHM - National Health Mission

NICU - Neonatal Intensive Care Unit

NIS - National Immunization Schedule

NO2 - Nitrogen Dioxide

OR - Odds Ratio

PM - Particulate Matter

PM10 - Particulate Matter with Aerodynamic Diameter < 10 μm

PM2.5 - Particulate Matter with Aerodynamic Diameter < 2.5 μm

RR - Relative Risk

SD - Standard Deviation

SDG - Sustainable Development Goal

SES - Socio-Economic Status

SGA - Short For Gestational Age

SO2 - Sulphur Dioxide

UIP - Universal Immunization Programme

UNICEF - United Nations Children’s Fund

UNEP - United Nations Environment Programme

USEPA - United States Environmental Protection Agency

WHO - World Health Organisation

Measurement units

m - Metre

ml - Millilitre (1 mL = 10−3litre)

μm - Micrometre (1 μm = 10−6 m)

kg - Kilogram

g - Gram (1 g = 10−3kilogram)

μg - Microgram (1 μg = 10−6 g).
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Background: Perinatal and neonatal mortality rates are quality indicators of antenatal, neonatal and postnatal care. This study describes perinatal outcomes for Malta over the 15 year period 2008–2022 to inform future practice and healthcare provision.
Methodology: Aggregate anonymous data on perinatal outcomes from 2008 to 2022 were obtained from the National Obstetric Information System (NOIS), Directorate for Health Information and Research (DHIR). Data for each variable was grouped into three 5-year intervals (2008–2012, 2013–2017 and 2018–2022) to investigate trends over time.
Results: Total births increased over time (p-value 0.008), mainly driven by singleton pregnancies (p-value 0.004), while multiple pregnancies remained stable. Live births increased (p-value 0.008), however, there was no statistically significant difference in stillbirth rate. There were no statistically significant changes in post-term, preterm or low birthweight deliveries (p-value 0.73). The neonatal mortality rate showed a downward trend from 4.92 per 1,000 live births for the years 2008–2012 to 3.92 per 1,000 births for the 2018–2022 epoch, but this could not be statistically confirmed. Data for ART pregnancies was only available as of 2013, analysis of which showed a significant increase in trend over the years with a p-value of <0.05.
Conclusion: This study’s findings highlight important public health implications for Malta and the world. The stable rates of preterm and low birth weight, and the decline in stillbirths, suggest improvements in maternal and infant health. However, Malta still lags behind the rest of Europe. This along with the overall increase in the number of births, may be attributed to the growing number of immigrants within the pregnant population, who have specific healthcare needs which need specific attention. These results can help inform public health policies and improve maternity and neonatal services in Malta and regions with similarly increasing immigrant populations.
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Introduction

Perinatal and neonatal health outcomes, including mortality rates, are crucial indicators of a country’s social, health, and economic conditions (1). Many perinatal and neonatal deaths are preventable, making these outcomes key quality indicators for antenatal, obstetric, and postnatal care (2). Monitoring changes in birth rates and adverse outcomes during the perinatal and early childhood periods is essential for improving child health and evaluating interventions at both national and global levels (1, 2).

In 1999, the European Union launched the EURO-PERISTAT network to create a high-quality perinatal health information system for decision-making in European countries. Key indicators such as gestational age, birthweight, neonatal mortality rate, and parity guide healthcare policies. The network has since collected data from 31 European countries, including Malta (2).

Malta has experienced a steady decline in perinatal and neonatal mortality rates over the past few decades, in line with European trends (2). However, its perinatal mortality rate, around 7.0 per 1,000 total births, is slightly higher than the EU average of approximately 6.0 per 1,000, indicating a need for improvement in maternal and neonatal healthcare outcomes (2) (Figure 1).

[image: Line graph showing annual mortality rates from 2014 to 2023 across various European countries. The rates fluctuated, with noticeable spikes for Malta around 2015 and 2021. Other countries, such as Greece, Italy, and Sweden, show relatively stable trends. The United Kingdom, Ireland, and Finland display slight increases towards 2023. Each country is represented by different colored lines.]

FIGURE 1
 Graph sourced from Eurostat showing annual rates for fetal, peri-and neonatal mortality rates by country of occurrence. Adapted with permission from “Fetal, peri- and neonatal mortality rates by country of occurrence by Eurostat”, by eurostat licensed under CC BY 4.0.


This study details perinatal outcomes in Malta from 2008 to 2022, comparing them with rates in other developed countries. The findings aim to provide insights into Malta’s standing among similar European nations, informing future policy and healthcare practices.

The Maltese Islands are an archipelago in the middle of the Mediterranean, with an estimated population of 542,000 as of the year 2022, with children up to the age of five comprising 6.7% of the total population (3). Tertiary neonatal care in Malta is centralized at one general hospital, making it a unique case for studying healthcare systems. Although Malta is part of the EU, it has historically underperformed in health outcomes. Its resource-constrained healthcare system, geographic isolation, and aging population are compounded by a significant influx of immigrants with specific healthcare needs. This context is crucial for developing policies and providing effective perinatal care, especially since immigrants are disproportionately represented in the pregnancy cohort.

This study provides an overview of births and neonatal outcomes in Malta over the past 15 years, examining trends in perinatal and neonatal outcomes. It aims to guide public health policy and resource allocation to reduce mortality rates. Malta’s healthcare system serves as a valuable case study for enhancing maternal and neonatal care in similarly sized European countries.

Studying perinatal outcomes in 5-year epochs over 15 years captures significant trends and provides statistical stability. This approach smooths short-term fluctuations from factors like seasonal variations, facilitating clearer insights into healthcare quality and interventions. It aligns with practices of major health organizations for international comparisons and effectively assesses the long-term effects of health policies, such as improvements in maternal and childcare. This method supports policymakers in evaluating the impact of healthcare reforms over time.



Methods


Consent

Data on perinatal outcomes were obtained from the National Obstetric Information System (NOIS) within the Directorate for Health, Information and Research, Malta. This study utilized anonymized, non-identifiable registry data prepared in accordance with General Data Protection Regulation (GDPR) requirements and EUROPERISTAT published data. Ethical review was not required because the research involved secondary use of existing anonymized registry data and did not involve direct interaction with human subjects.



Population and measurements

Data from NOIS for the 15-year period - 2008 till 2022 were used. NOIS collects information on all in-hospital deliveries occurring in the various hospitals across the Maltese Islands as well as births that incidentally occur outside of the hospital and are then transferred to the hospital. It is estimated that less than 1% of births may be missing from the data registered – these include planned home deliveries that did not require transfer to the hospital for further care.

Data tables for each of the years (2008–2022) included the number of total and live births, gender, numbers of singleton and multiple births, number of live and stillbirths, gestation at birth, birth weight, and number of neonatal deaths. The number of assisted reproduction technology pregnancies, outcomes, and admissions to the neonatal intensive care (NICU) immediately post-delivery were obtained for the years 2018 to 2022 since this data was only available for these years.



Data analysis

Data were analyzed using SPSS and Microsoft Excel to ensure accurate statistical evaluation of the dataset. The data for each variable were grouped into three 5-year epochs: 2008–2012, 2013–2017, and 2018–2022. This grouping was done to minimize year-on-year fluctuations, which could result from small sample sizes in individual years. By dividing the data into these three epochs, the analysis could provide a more reliable overview of trends over time, ensuring more stable comparisons between groups.



Handling of variables

Categorical Variables were analyzed using Chi-square tests. The Shapiro Wilk was used to determine whether the distribution of continuous variables satisfied or violated the normality assumption.

Gestational age was analyzed using one-way ANOVA to assess whether the mean gestational age differed significantly across the three time periods.

The difference of two-proportion test was used to compare the proportions of neonates admitted to the NICU in each epoch (i.e., the proportion of NICU admissions in the 2008–2012 period compared to the 2013–2017 and 2018–2022 periods).



Hypothesis testing

A 0.05 level of significance was used for all statistical tests. If a p-value was above 0.05, the null hypothesis was accepted, indicating no significant difference or relationship between the variables and the epochs. On the other hand, a p value below 0.05 rejects the null hypothesis.




Results


Total births

When births were categorized within five-year epochs (2008–2012, 2013–2017 and 2018–2022) and the three periods compared, the number of neonates increased significantly throughout the three phases as demonstrated by a p-value of 0.008 (Figure 2).

[image: Line graph titled "Total Births" showing the total number of births from 2008 to 2022. The trend peaks in 2016 with 4,555 births, dips in 2017 with 4,398, and ends at 4,372 in 2022. Dotted trendline inclines slightly.]

FIGURE 2
 Total births from 2008 till 2022.


A regression model was fitted to relate the total number of births with time. The regression coefficient (26.5) indicated that on average, the total number births, increases by 26.5 every year. This increment is significant since the p-value is 0.001.



Gender

Comparison of mean frequencies showed that both the number of female and male neonates increased significantly throughout all 5-year phases, with a p-value of 0.009 for females and a p-value of 0.022 for males (Table 1). Moreover, throughout the 15 years studied, the proportion of male babies (51.48–52.21%) was invariably significantly larger than the proportion of female newborn babies (47.79–48.22%) for all the individual years with a p-value of <0.0001. Male: female ratio throughout the period of study resulted to be 1.08:1.



TABLE 1 Mean frequencies for neonates categorised according to gender.
[image: Table comparing deliveries by gender from 2008 to 2022. It includes year, number of deliveries, mean, standard deviation, and p-values. Statistically significant p-values are bolded: 0.009 for females (2013-2017) and 0.022 for males (2013-2017). Analysis used Chi-square testing.]



Parity

The number of singleton neonates increased significantly throughout the 3 phases with a p-value of 0.004 (Table 2). On the other hand, no significant difference could be demonstrated for multiple births. Figure 3 demonstrates annual data for singleton and multiple births over the past 15 years. A significant decrease in triplet pregnancies was noted for the 2013–2017 epoch (Table 3, Figure 4). In our population, data for fertilization methods resulting in twin or triplet pregnancies was only available from 2013 onwards. In our population, 56% of triplet births were a result of assisted pregnancies and deliveries compared with 38% occurring spontaneously in non-assisted pregnancies with successful delivery (Figure 5).



TABLE 2 Mean frequencies for neonates categorised according to parity.
[image: Table comparing singleton and multiple variables across three time periods: 2008–2012, 2013–2017, and 2018–2022. Includes columns for mean, standard deviation, and p-value. For singletons, means are 4050.40, 4228.40, and 4336.20, with p-value 0.004 (bold, significant). For multiples, means are 73.40, 74.20, and 81.00, with p-value 0.813 (not significant). Standard deviations provided for each period.]

[image: Bar chart titled "Single vs Multiple Births" representing the number of single and multiple births from 2008 to 2022. The blue bars indicate singleton births and the orange bars indicate multiple births. Singleton births consistently outnumber multiple births each year, with a noticeable increase around 2016.]

FIGURE 3
 Trends in singleton and multiple births from 2008 till 2022.




TABLE 3 Number of twins and triplets for 2008–2022 categorised in five-year time epochs.
[image: Table showing the number of twins and triplets born from 2008 to 2022 across three periods. For twins: 680 (2008-2012), 733 (2013-2017), 654 (2018-2022) with a p-value of 0.450. For triplets: 81 (2008-2012), 15 (2013-2017), 33 (2018-2022) with a significant p-value of 0.002. Bold values indicate statistical significance.]

[image: Line graph titled "Trends in Twin and Triplet Deliveries" from 2008 to 2022. The y-axis shows the number of deliveries, with twin deliveries peaking in 2016 at approximately 200. Triplet deliveries remain low, fluctuating around 10. Twin deliveries show variable trends, while triplet deliveries are stable.]

FIGURE 4
 Trends in twin and triplet pregnancies from 2008 till 2022.


[image: Bar chart showing the number of triplet pregnancies from 2013 to 2022, categorized by fertilization methods. IVF/Artificial insemination leads with 20 pregnancies, followed by no assistance with 16. Other methods are less common.]

FIGURE 5
 Triplet births categorized by fertilization method.




Assisted reproduction technology (ART) pregnancies and effects on total births

Data for ART pregnancies was only available as of 2013, analysis of which showed a significant increase in trend over the years with a p-value of <0.05. The most noteworthy differences were those between the years of 2021 and 2022, with a significant increase for artificial insemination (+2.59% from 2021), IVF and ICSI (+7.12% from 2021) being observed for the year 2022. On the other hand, an 8.75% decrease in ovulation induction was observed in 2022 compared to 2021. There were no significant changes noted for the previous years (Table 4).



TABLE 4 ART pregnancies categorised by type for births from 2018 till 2022.
[image: Table showing the number and percentage of births by type of assisted reproductive technology (ART) from 2018 to 2022, with 'IVF, ICSI' being the most common method. Total births range from 182 in 2018 to 188 in 2022, with a cumulative total of 802 births.]



Live vs stillbirth births

The number of live births was noted to increase significantly throughout the years with a p-value of 0.008 (Table 5).



TABLE 5 Changes in stillbirth outcomes from 2008 till 2022.
[image: Table displaying stillbirth outcomes from 2008 to 2022, categorized into antepartum, intrapartum, and unspecified stillbirths. Years are columns, with totals at the bottom. Each row shows yearly counts for each category, reflecting fluctuations over time.]

There was no statistically significant decline in stillbirth rate across the years studied. Even though a drop in stillbirth rate was noted between 2018 to 2022, from 7 per 1,000 total births to 5 per 1,000 total births, this was not statistically significant (Table 6). Analysis of trends in stillbirth outcomes (antepartum vs. intrapartum) throughout the years, revealed a significant majority of stillbirths being reported as antepartum as demonstrated in Figure 6.



TABLE 6 Total births categorised into live vs. stillbirth.
[image: Table comparing live births and stillbirths from 2008 to 2022. Live births: 2008-2012 had 20,891, mean 4,178.20, standard deviation 101.812 with significant p-value 0.008. Stillbirths: 2008-2012 had 122, stillbirth rate 5.80 per 1,000 births.]

[image: Line graph titled "Trends in Stillbirth Outcomes" showing yearly data from 2008 to 2022. Total stillbirths are shown in light blue, with fluctuations between 13 and 29. Antepartum stillbirths in dark blue range from 16 to 28. Intrapartum stillbirths in orange remain under five. Stillbirths not otherwise specified in green also stay below five.]

FIGURE 6
 Trends in stillbirth outcomes.




Gestation

The absolute number of neonates born between 37 and 40+6 weeks was noted to have increased significantly throughout the 15 year period (p = 0.003). There were no other significant changes noted for the rest of the gestation categories, with no significant increase in late preterm births across the 3 epochs (p-value 0.73).

Despite a decrease in the number of post-term births (beyond 42 weeks’ gestation) over the past 5 years (48 babies 2008–2012, 31 babies 2013–2017, 3 babies 2018–2022), there was no statistical significance between the 3 epochs when comparing term: post-term ratio (p = 0.75) and proportion of post-term births out of total births (p = 0.087) (Table 7).



TABLE 7 Total births categorised according to gestation.
[image: Table displaying data on the number of babies across different gestational age groups from 2008 to 2022. It includes the mean and standard deviation for each group, with corresponding p-values. Notably, a statistically significant p-value is found for the 37–40 weeks group during 2008–2012, highlighted in bold with a p-value of 0.003.]



Birthweight

A significant increase in neonates could be observed within the 2000-2999 g category (p = 0.027) and the 3,000-3999 g (p = 0.007) category over the 15 year period. No significant differences were noted for other birthweight categories throughout the three 5-year phases (Table 8).



TABLE 8 Total births categorised according to birthweight.
[image: Table displaying data on birth weights over three periods: 2008-2012, 2013-2017, and 2018-2022. Variables include birth weight categories, number of babies, mean, standard deviation, and p-values. Birth weight ranges from less than 500 grams to over 5,000 grams. Notable p-values indicating statistical significance are bolded for the 2,000-2,999 grams (0.027) and 3,000-3,999 grams (0.007) categories.]

Most of the 2000-2999 g consisted of newborns born beyond 37 weeks’ gestation, although a significant proportion (14.9%) were newborns between 32 and 36+6 weeks’ gestation. For the 3,000-3999 g birthweight category, 98.5% were within the 37+ weeks’ category, whilst 1.5% were born between 32- and 36+6-weeks’ gestation (Table 9).



TABLE 9 Number of neonates stratified by birthweight and gestation categories.
[image: A table showing the distribution of birthweights in grams across different gestational age brackets: 22-23 weeks, 24-27 weeks, 28-31 weeks, 32-36 weeks, 37+ weeks, and Unknown. Birthweights range from 0-499 grams to 5,000+ grams. The highest count for 37+ weeks is in the 3,000-3,499 grams category with 27,393 cases. Other notable counts include 1,831 for 2,000-2,499 grams, and 15,279 for 3,500-3,999 grams at 37+ weeks. Grand totals of cases are provided for each age bracket.]



Neonatal deaths

No statistically significant changes were noted for both early and late neonatal deaths throughout the 15 years studied, with a p-value of 0.35 (Table 10).



TABLE 10 Number of early and late neonatal deaths from 2008 till 2022.
[image: Table showing neonatal death statistics across three periods: 2008-2012, 2013-2017, and 2018-2022. It lists the number of live births, neonatal deaths, standard deviation, p-values, and neonatal mortality rates. Rates decrease over time: 4.92, 4.63, and 3.92 per 1,000 live births respectively. Bold values indicate statistically significant p-values.]

Therefore, whilst, the neonatal mortality rate appears to have a downward trend, with the lowest being reported for the 2018–2022 epoch at 3.92 per 1,000 live births, compared to 4.92 per 1,000 live births for the years 2008–2012, this was not statistically significant. (Figure 7).

[image: Line graph showing trends in neonatal deaths from 2008 to 2022. The dark blue line represents early neonatal deaths, fluctuating between 10 and 25 deaths. The orange line represents late neonatal deaths, remaining relatively stable between 2 and 6 deaths.]

FIGURE 7
 Trends in neonatal deaths from 2008 to 2022.


The highest number of early neonatal deaths were reported for the 22–23 weeks category with deaths amounting to 44.7% of the total births within this gestation. On the other hand, the highest number of late neonatal deaths was reported for the 24–27 weeks’ gestation category, at 5.6% of the total births for this category (Table 11).



TABLE 11 All births by gestational age groups and outcome from 2008 till 2022.
[image: Table showing data on neonatal deaths by gestational age group (GA). Columns indicate GA group, number and percentage of early neonatal deaths (ENDs), number and percentage of late neonatal deaths (LNDs), and total births per GA group. ENDs are highest in the 24–27 weeks group with 63 instances. LNDs are most frequent in the 24–27 weeks and 32–36 weeks groups, each with 13 cases. Total births are highest in the 37+ weeks group with 60,420.]



Trends in admission to the neonatal intensive care unit immediately after delivery

Data for this variable was only available from 2018 onwards. The rate of admissions varied from 6.88 to 9.06% of the total live births. Comparing the year 2019 (the highest proportion of admissions) with 2021 (the lowest proportion of admissions), the resulting difference in admissions is significant (z score 3.8, p-value of 0.0001) (Table 12).



TABLE 12 Number of admissions to NICU since 2018 expressed as a percentage out of total live births.
[image: Table showing data from 2018 to 2022. Columns include Year, Live births, Admitted to NICU, NICU admissions Z-score, and Percentage of total live births admitted. NICU admissions are highest in 2019 at nine point zero six percent and lowest in 2021 at six point eight eight percent.]




Discussion

Neonatal and childhood mortality remains a significant global challenge up to this day, with an estimated death of 2.4 million newborns within their first month of life reported by UNICEF in 2023 alone, most of which were deemed preventable. This represents a significant loss of life and is a huge burden on communities, especially in the context of developing countries in which most of these deaths have been observed to occur (4, 5).

Testament to ongoing commitments of organizations, governments and healthcare professionals, the United Nations Inter-Agency Group for Child Mortality Estimation has reported in 2023 a global decline in the under-5-mortality rate by 51% since the year 2000 (6). Despite this, huge disparities in neonatal mortality still exist, ranging from <5 deaths per 1,000 live births in developed countries, to >35 deaths per 1,000 live births in low-income and developing countries. This emphasises the importance of having accessible high-quality healthcare, in both antenatal and postnatal settings; including the availability of services to care for the preterm and sickest newborns, to curtail preventable child deaths in every community (6–8).

Analysis of the total number of births over the past 15 years, revealed a significant increase in birth rate. Malta has experienced unprecedented changes in population size and structure, with an estimated 21% increase in resident population between 1998 and 2017, and a total foreign population of 115,449 inhabitants as of 2021, with foreigners between the years of 30 and 39 years of age comprising the biggest share (3, 9). Therefore, despite a decrease in deliveries to Maltese women, the resulting net immigration of foreigners could have been a significant factor in contributing toward an increase in the overall birth rate (9, 10). Within the European Union region, crude birth has been shown to overall decrease since 2021 to 9.1 live births per 1,000 persons (in contrast to 10.6 live births per 1,000 persons in 2008), although variations in this pattern were noted across countries, with sixteen country states reporting a decreasing trend and ten states reporting increasing trends. Malta fared the lowest total fertility rate as of 2022 at 1.15 live births per woman, in contrast to France with a reported 1.79 live births per woman. Moreover, 22% of children in the EU were reported to be born to foreign-born mothers. Malta was reported to have the highest increase in live births from foreign-born mothers at 33% (previously at 11% in 2013) from across EU member states, followed by Portugal (8 percentage points from 24 to 16%), and Spain, Cyprus and Slovenia for which increases of 7 percentage points were recorded; thus, explaining increasing trends in births for the Maltese population (11, 12). Analysis of gender revealed a stable male-to-female ratio of 1.08:1 throughout the period studied. Male: female ratio in the EU was reported to be at 1.055 in 2021 (13).

Multiple pregnancies pose a high risk of morbidity and mortality for both mothers and their newborns, requiring timely obstetric decisions and a balance of maternal and neonatal complications (14, 15). In our study, whilst the number of singleton neonates was noted to increase significantly throughout the 3 phases, no significant difference could be demonstrated for multiple births. Spontaneous triplet pregnancies are known to be relatively rare events occurring in 1/8000 pregnancies, though an upsurge was recorded worldwide secondary to the use of assisted reproductive techniques between the 1980s and 1990s. Its incidence was noted to thereafter decline as recommendations to minimize multiple embryo transfers were made (16, 17). These changes in trends have also been mirrored locally, as demonstrated in our study, as the implementation of the Embryo Protection Act came into force in 2012 with a legislative amendment regarding embryo freezing in 2018, with more couples having one embryo transferred rather than multiple. In our population, 56% of triplet births were a result of assisted pregnancies and deliveries compared with 38% occurring spontaneously in non-assisted pregnancies with successful delivery (18, 19).

A significant increase in absolute number of term births (37+ weeks) and in birthweight (2000-3999 g) was noted for the Malta population over the past 15 years, with no significant change in preterm and low birthweight births, reflecting preterm birth rates over the last decade at a global level. Interestingly, no increase in late preterm birth rates has been observed for Malta, as opposed to changes worldwide (20). Despite no statistical significance noted in the number of post-term babies over the years, a notable decrease in the number of babies being born beyond 42 weeks of gestation was observed for the past 5 years, which might suggest an increase in the number of labor induction practices. This reflects the increasing practice of labor induction over the past several decades in developed countries secondary to recommendations by various professional bodies outlining risks of spontaneous post-term labor vs. induction of labor (21–23). In developed countries, the proportion of infants delivered by induction is thought to be as high as 1 in 4 deliveries, quoted at up to 33% of total deliveries in some countries with considerable intercountry variations. Induction rates in Malta were quoted to be as high as 28.9% in 2015 (21–23).

Despite an overall worldwide decline in infant mortality rates of up to 52% over the past 22 years, the percentage of neonatal deaths has been reported to increase over time from 41% in the year 2000 to 47% in 2022, despite a decrease in the absolute number of neonatal deaths by 44% since 2000 (6). In our study, no significant changes in trends were noted for both early and late neonatal deaths throughout the 15 years. This stable trend in death rate can be attributed to various reasons including population change over the past few years, with high immigration patterns from conflict-zone countries (24). Various research has demonstrated immigration as an important determinant of health, with female immigrants being considered a vulnerable population, with limited healthcare access resulting in worse neonatal and perinatal outcomes compared to those of native-origin women in host countries (24–27). Differences in termination of pregnancy legislation between countries, especially within the context of pregnancies with congenital anomalies, might also play a role in affecting neonatal death rate. This argument is supported by a study published in 2023 by Tierny et al. (29), evaluating the effects of changes in abortion legislation in 2018 on admissions to paediatric intensive care in Ireland after its introduction, which demonstrated a modest reduction in live births with significant congenital anomalies since the introduction of the 2018 Termination of Pregnancy Act as represented by the numbers of these infants presenting to paediatric intensive care unit. On the other hand, no statistically significant decline in perinatal and neonatal mortality rates was reported. Tierny et al. (29), go on to argue that major congenital anomalies remain the major cause of both early and late neonatal deaths, with a significantly reduced perinatal mortality rate when this is corrected for major congenital anomalies. This is interesting and warrants deeper investigation given that like Ireland, Malta has restrictive laws when it comes to non-medical termination of pregnancy (28, 29).

In our study, stillbirth rates showed a downward trend from 7 per 1,000 total births in 2008 to 5 per 1,000 total births in 2022. Despite this downward trend, statistical significance was not reached and the stillbirth rate reported in our study is still high when compared to other countries, with a reported stillbirth rate below 2.5 stillbirths per 1,000 total births for most European countries, and 4 stillbirths per 1,000 total births in England and Wales. Data on stillbirths and socioeconomic status from routine systems showed widespread and consistent socioeconomic inequalities in stillbirth rates in Europe, but further research is needed to better understand differences between countries in the magnitude of the socioeconomic gradient (30–33).

The rate of admissions to NICU from 2018 to 2022 for our population ranged from 6.88% in 2021 (68 per 1,000 live births) to 9.06% of the total live births in 2019 (91 per 1,000 live births). Comparing the year 2019 (the highest proportion of admissions) with 2021 (the lowest proportion of admissions), the resulting difference in admissions is significant (z score 3.8, p-value of 0.0001). This was an interesting finding as overall NICU admissions seemed to remain stable, although no information was available as of pre-2018 to comment on whether assisted reproduction technologies have led to an increase in admission rates. Still, admission rates for term babies have been quoted to be less than 5.2% of total births in the year 2016 (34). The stable admission rates despite the COVID-19 pandemic in 2020 were an interesting finding, given that other countries and studies reported higher NICU admission numbers during the pandemic secondary to its profound negative maternal and neonatal impacts secondary to lockdown measures, maternal health complications and disruptions in prenatal care (35, 36). This observation in admission rates could possibly be a reflection of the recent modifications and implementation of stringent admission criteria during the period studied, such as increasing the cord pH thresholds for admission. Moreover, there has also been an improvement in obstetric diagnosis with some cases being transferred to tertiary centres abroad antenatally for delivery overseas.



Limitations

Data supplied for birthweight and gestation were already categorized independently of each other, thus it was not possible to categorize individual infants into small, appropriate, and large gestational age categories. Some data for birthweight (0.006%) and gestation (0.005%) was missing. Information on admissions to NICU and ART was only available as of 2018.

The data set lacked information maternal on country of origin and maternal education, which prevented us from analysing the implications of these factors on health outcomes. Factors such as socio-economic status, healthcare access, cultural practices, and language barriers can significantly impact these outcomes. Future research should prioritize comprehensive data collection from these particular groups.

The absence of long-term data on Assisted Reproductive Technology (ART) outcomes is a limitation of this study. The collection of ART-specific data and extended follow-up periods is vital for informing healthcare provision and best practice.



Conclusion

This study reports perinatal outcomes in Malta from 2008 to 2022, divided into three five-year epochs (2008–2012, 2013–2017, 2018–2022). The rate of stillbirth, preterm births and low birthweight deliveries did not show a statistically significant difference between these epochs. There has been an increase of 26.5 births per year (p 0.001) throughout the period studied. The underlying factors that have led to this increase, need further study. This increasing trend has important implications for access to care and for understanding the specific needs of pregnant women and their offspring.

Additionally, the use of Assisted Reproductive Technologies (ART) is increasing in Malta and other parts of the world, impacting perinatal care. This also requires specialized care for high-risk pregnancies. These developments are particularly relevant to policymakers and healthcare providers. Therefore, it is essential to thoroughly understand these implications when designing perinatal healthcare services and when organising data collection and monitoring systems.
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Richer -026 0.03 077 (073,0.81)* 1 3211 3,289
Richest -053 0.03 0.59 (0.55,063)* 1 3,195 2,669

Media exposure

No Ref

Yes 028 002 132(1.27,136)% 1 7,039 2722
Parity

1-2 Ref

35 —012 003 0.89(0.84,094) * 1 2910 2,761
Above 5 ~0.36 004 0.69(0.64,0.75) * 1 3143 3,209
Age at first birth

< 19years -02 002 0.82(0.79,0.84) * 1 3784 3217
>20years Ref

ANC visit

No Ref

Yes 066 004 1.93(1.8,2.08) 1 6,705 315
Place of delivery

Home Ref

Health facility 094 002 257 (246,2.68) * 1 6673 3,155
Child sex

Male Ref

Female 001 002 1.01(0.98,1.04) 1 7,187 2774
Weight at birth

Large Ref

Average ~006 002 0.94(091,098) * 1 6,339 3212
Small ~013 002 0.88 (0.84,092) * 1 5814 3,394
Twin

No Ref

Yes 014 006 115(102,13) * 1 8324 2810
Birth order

Ist Ref

20d or 3rd ~001 0.03 0.99 (095, 1.05) 1 3,622 2894
4th and above -0.12 004 0.88 (0.82,095) * 1 2959 2791
Residence

Urban Ref

Rural ~028 002 076 (0.72,0.79)* 1 5,292 3014

Community educational level

low Ref

High 001 003 1.01(0.95,1.08) 1 2023 2697
Community media exposure

low Ref

High [ 003 11(1.04,1.18) * 1 1924 2644
Community ANC utilization

Low Ref

High 012 003 113.(107,1.19) * 1 2,207 3018

Community wealth
Low Ref

High =013 0.03 0.88 (0.83,0.94) * 1 2039 2,801
Community distance to health facility

Big problem Ref

Not big problem 041 0.04 15(138,1.63) * 1 2524 2,699

NB: AOR, Adjusted odds ratio; Crl, Credible intervals ESS, Effective sample size, *statistically significant variable, and **divorced/widowed.
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Countries

Survey year

Sample size distributions

weighted

Weighted percentage

Burundi
Ethiopia
Kenya
Madagascar
Malawi
Rwanda
Tanzania
Uganda
Zambia
Zimbabwe

Total sample size

Unweighted

201617 8,660
2016 7,193
2022 5460
2021 9315
2015/16 13,448
2019120 6,167
2022 5825
2016 10,263
2018 7372
2015 4833
78,536

8,821
7,132
5486
9176
13,079
6313
5963
9973
7,509
4,761

78,213

1128
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References

Yin and Bingi (17)

Classifi

XGB, SVM

erformance

99.59% SVM

Limitations

No cross-validation

Abiyev et al. (18)

LR, GNB, SVC, RBF SVC, ANN,
CART, RE RNN, CatBoost,
T2-FNN (21 rules,42 rules, 63
rules)

96.66% T2-FNN (63 rules)

No cross-validation, Utilization of
imbalanced dataset, and no
Explainable Al

Kuzu and Santur (19)

LR, RE GB, XGB

99% XGB

No cross-validation, Utilization of
imbalanced dataset, and no
Explainable AT

Muhammad Hussain et al.

(20)

RNN, RE GoogleNet, DesnseNet,
NiftyNet, AlexNet, AlexNet-SVM

99.72% AlexNet-SVM,

No cross-validation, Utilization of
imbalanced dataset, and no
Explainable AT

Piri and Mohapatra (21)

SVM, CBA, DT, KNN, LR, RE
XGBoost, GNB

94% XGBoost and RF

No cross-validation, Utilization of
imbalanced dataset, just accuracy is
evaluated, and no Explainable AT

Al Duhayyim etal. (22)

RE XGB, ADA, CatBoost, LGBM,
vC

99% XGB, CatBoost, LGBM,
vC

No cross-validation, Utilization of
less number of features, and no
Explainable Al

Islam etal. (23) ADA, KNN, RE SVM, GBC, DT, 95% GBC No cross-validation, Utilization of
and LR imbalanced dataset, and no
Explainable AT
Afridi etal. (24) J48, IBK, LR, NB, SMO and RF 83.06% NB No cross-validation, and no
Explainable AT
Salini et al. (25) RE LR, DT, SVC, VC, kNN 93% RF No cross-validation, Utilization of
imbalanced dataset, and no
Explainable A
Sudharson et al. (26) KNN, Naive Bayes, DT, SVM 90.8% DT No cross-validation, Utilization of

imbalanced dataset, and no
Explainable AT
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Classification Assignmen

Seafood consumption during pregnancy® | Every day 3 14 5.1
Frequently 2 87 318
Rarely 1 155 56.6
None 0 18 6.6
Meat consumption during pregnancy® Every day 3 121 440
Frequently 2 117 42.5
Rarely 1 36 13.1
None 0 1 0.4
Bean and dairy products consumption® Every day 3 57 208
Frequently 2 138 504
Rarely | 75 274
None 0 4 14
Vegetable and fruit consumption? Every day 3 186 67.9
Frequently 2 77 28.1
Rarely 1 10 36
None 0 1 0.4
Egg consumption® Every day 3 136 511
Frequently 2 5 1.9
Rarely 1 17 6.4
None 0 108 40.6
Fried or grilled food consumption Every day 3 2 0.7
Frequently 2 17 62
Rarely 1 6 22
None 0 250 90.9
Water source during pregnancy Well water 1 7 23
Tap water 2 276 92.0
Mineral water 3 17 5.7
Tea drinking habit during pregnancy$ No 0 235 845
Yes 1 43 15.5

*Missing 26 cases; ®Missing 25 cases; “Missing 26 cases; 4Missing 26 cases; *Missing 34 cases; [Missing 25 cases; 8Missing 22 cases.
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Characteristic Classificat Assignment umber of cases Proportion (%)
Cooking method during pregnancy® Induction cooker 1 39 14.2
Gas 2 128 6.5
Natural gas 3 108 39.3
Home renovation during pregnancy® No 0 263 94.6
Yes 1 15 5.4
Distance from home to road® Far (2800 m) 1 60 206
Close (400-800 m) 2 169 58.1
Beside the road (<400 m) 3 62 213
Daily time spent on the road* Less than 1h 1 191 69.2
1-2h 2 70 254
More than 2 h 3 15 5.4
Presence of large waste processing facility near residence® No 0 275 98.9
Yes 1 3 L1
Presence of chemical plants, refineries, etc. near residence’ | No 0 268 97.1
Yes 1 8 29
Ventilation condition of residence during pregnancyé Very good 1 183 66.3
Good 2 92 333
Poor 3 1 0.4
Presence of carpet or rug in the residence No 0 249 90.2
Yes 1 27 9.8

*Missing 25 cases; *Missing 10 cases; “Missing 9 cases; “Missing 24 cases; Missing 22 cases; Missing 24 cases; 8Missing 24 cases; "Missing 24 cases.
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Characteristic  Classification Assignment umber of cases Proportion (%)
Age (years) 18 Continuous variable 55 183
27 - 84 28.0
31 - 84 280
35-44 - 77 257
Education® Junior high school or below 1 88 30.4
High school 2 179 61.7
College/Undergraduate 3 18 6.2
Graduate school 4 5 17
Ethnicity Han 1 282 94.0
Others 2 18 6.0

*Missing 10 cases.
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References Class Accuracy
Yin and Bingi (17) SVM 99.59%
Abiyev etal. (18) T2-FNN (63 rules) 96.66%
Kuzu and Santur XGB 99.10%
(19)

Muhammad AlexNet-SVM, 99.72%
Hussain et al. (20)

Piri and Mohapatra | XGBoost and RF 94.32%
(1)

AlDuhayyimetal. | XGB, CatBoost, VC 99.05%
(22)

Islam etal. (23) GBC 95.19%
Aftidi etal. (24) NB 83.06%
Salini et al. (25) RE 93.15%
Sudharson et al. DT 90.80%
(26)

Proposed LGBM 99.89%

Bold values indicating the results of proposed model which is better than all SOTA models.
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Fold Accuracy AUC Recall Pre F1 Kappa

0 0.9928 09995 09928 0.993 09928 0.9892 0.9893
1 09712 0.9982 09712 0972 09714 0.9568 09571
2 0982 09985 0982 0982 0982 0973 0973
3 09784 09988 09784 09787 09785 09676 0.9678
4 09892 09999 09892 09892 09892 0.9838 0.9838
5 09784 09973 09784 09786 09784 0.9676 09677
6 09856 09997 09856 09858 09855 09783 09785
7 09603 09983 09603 09608 096 0.9404 0.9409
8 09747 09992 09747 09747 09747 09621 09621
9 09783 09985 09783 09786 09784 0.9675 0.9676
Mean 09791 09988 09791 09793 09791 0.9686 0.9688
std 0.0088 0.0008 0.0088 0.0087 0.0089 0.0132 0.0131
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Model Accuracy AUC Recall Pre F1 Kappa MCC

LightGBM 0.9989 0.9988 0.9832 09834 09832 09748 09749 28470
CB 0.9766 0.9984 0.9766 09770 09766 0.9649 09651 8.4650
ETC 0.9762 0.9987 0.9762 0.9769 09762 0.9643 0.9647 0.9380
XGBoost 0.9748 0.9984 0.9748 09752 09747 0.9622 09624 20540
RE 0.9708 0.9982 0.9708 09713 09708 09562 09565 12220
GBC 0.9647 0.9969 0.9647 0.9656 09648 0.9470 09474 41070
DT 09510 09633 09510 09516 09510 09265 09268 02000
KNN 0.9416 09893 09416 0.9455 09416 09125 09143 04690
Ada 09121 0.9673 09121 09140 09123 0.8682 0.8689 0.7400
LR 0.8897 09735 0.8897 0.8935 0.8904 0.8346 08358 03100
SVM 0.8768 0.0000 0.8768 0.8815 08775 08152 08167 01710
NB 0.7677 0.8925 0.7677 08223 0.7708 06515 0.6757 0.1700
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Elemen Details

Programming environment Python 3.8

Software libraries Scikit-learn, TensorFlow

0s Windows 10 (64-bit)

RAM 8GB

Processor 7th Gen, Intel Core i7, 2.8
GHz processor

Graphics card 8 GB- GTX 1060 Powered
GPU from Nvidia
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Strategy  Descriptors used

#1  Population (Women|tiab]) OR (female*|tiab]) OR
(childbearing]tiab]) OR (fertil*[tiab])
#2 | Intervention/  (Particulate matter{tiab]) OR (black carboltiab]) OR (air
Exposure pollut*[tiab]) OR (ambient pollut*{tiab])
#3 | Comparator  (Categor*[tiab]) OR (exposureltiab]) OR (occupational
exposureltiab]) OR (tertile*[tiab]) OR (quartile* tiab])
OR (quintile*[tiab]) OR (level*[tiab])
#4 | Outcomes (Antral follicle count[tiab]) OR (ocyt*[tiab]) OR
(Follicle-stimulating hormone®[tiab]) OR (Ovarian
Reserveltiab])
#5  Exclusion (Review[tiab]) OR (systematic review|tiab]) OR
keywords (narrative review[tiab]) OR (meta-analysis|tiab]) OR
(editorial[tiab]) OR (letter[tiab]) OR (commentary{tiab])
OR (perspective]tiab]) OR (book[tiab])
#6 | Searchstrategy | #1 AND #2 AND #3 AND #4 NOT #5

Filters: Sort by: Most Recent. Date: 31 June 2024. Time restriction: none.
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Author,

Year

Wieczorek | Retrospective
K, 2024

Liu$,2024 = Retrospective
Lius,2023 | Retrospective
PangL, Retrospective
2023

LiH, 2023  Retrospective
Wu$,2022  Retrospective
Gregoire Cross-
AM, 2021 sectional
Kim H, Retrospective
2021

Hood RB,  Prospective
2021

Feng X, Retrospective
2021

Abareshi F, Cross-
2020 sectional
LaMarca  Retrospective
A, 2020

Ye X, 2020 Case-control
Quraishi Retrospective
$M, 2019

Gaskins Prospective
AJ, 2019

Europe

Asia

Asia

Asia

America

Asia

America

Asia

America

Asia

Europe

Asia

America

America

511

4,544

5,189

18,878

2,447

2,186

883

2276

565

600

67

1,463

7,463

632

Exclusion criteria

Women with three spontaneous
miscarriages, more than three in vitro

fert

zation procedures, chemotherapy
or radiotherapy of the pelvis, premature
ovarian failure, previous surgical
treatment of the ovaries, polycystic
ovary syndrome, cyst in the ovaries with
endometrium, hyperprolactinemia,
hypogonadotropic and hypogonadism

were excluded.

Diagnosis of polycystic ovary syndrome,
chromosomal abnormalities,
hyperprolactinemia, and women
‘younger than 20years or older than
49years or with missing AMH

information.

Participants with polycystic ovary
syndrome, chromosomal abnormality,
hyperprolactinemia, hypothyroidism,
history of ovariectomy, age <20

or> 49 years, and incomplete residency

information.

Incomplete medical information and
exposure data, abnormal chromosomal
Karyotype, PCOS, ovaries surgical
treatment, chemotherapy or
radiotherapy, hyperprolactinemia,
hypothyroidism, or immunologic

diseases under RPL at least 3 times.

‘Women who underwent natural cycle or
mild stimulation regimen, >40 years of
age, used preimplantation genetic
testing, used donor oocyte or sperm,
had missing residential address, and
had a history of ovarian surgery.

Breast cancer, a history of PCOS, or

‘missing information on PCOS

Women previously diagnosed with a
chromosomal abnormality, having a
history of unilateral or bilateral
oophorectomy, and aged <20
or>49years

‘Women with incomplete scans, on

Lupron (a Gonadotropi

releasing

hormone antagonist), with PCOS, or
‘missing air pollution exposure
information

‘Women with COS for IVF treatment in
this menstrual cycle before ovarian
reserve assessment, women who did not
reside in a registered residential address
affiliated to Shanxi, PCOS, if one or
both ovaries were difficult o visualize
by using transvaginal ultrasonography
scanning, hyperprolactinemia,
hypothyroidism or immunologic
diseases, Ovaries surgical treatment,
chemotherapy, or radiotherapy, and
RPL at least 3 times.

‘Women who did not have menses for
3months or more, used infertilty
treatment, or had a history of polycystic
ovarian syndrome, pelvic inflammatory
disease, chemotherapy,or pelvic

radiation.

exclusion of patients with severe
chronic comorbidities reported in the

reason for AMH analysis.

Eligibility criteria for POF cases: under
40years of age at the first time of
diagnosis; amenorrhea for at least
4months; an increased FSH
level > 25 TU/L on two occasions

>4 weeks apart. Having known causes of
POF (such as karyotypic abnormalities,
ovarian surgery, autoimmune diseases,
ete) were excluded.

Eligibility criteria for the controls
included healthy women with regular
menstrual cycles, without hormonal
therapy in the last 6 months, and

without endocrine system diseases.

Incomplete scans, those done while the
woman was on Lupron, those done on
women with polycystic ovaries,
repeated scans, and scans lacking

complete exposure data.

Age
(years)

20-49

20-49

20-50

25-42

<40

3554

366442

18-45

2148

323568

18-53

3316

349546

18-45

Exposure Outcome

PM2.5 AMH
50, AFC

o, AMH

PM25 AMH

PM2.5 AMH
PM10
NO,

o,

1,3-Butadiene AMH
Benzene

Diesel particulate matter
Formaldehyde
Methylene chloride
Tetrachloroethylene
PM2.5

PM10

o,

No,

co

$0,

POR

PM2.5 AMH
PM10

No2

PM10
M25
NO,
co
50,
o,

AMH

PM25 AFC

PM2.5 AFC
PM10

o,

NO,

co

50,

PM1
PM2.5
PM10

AMH

PM25
PMI0
NO;

AMH

BaP AMH

PM2.5
PM10
NO,

AFC

PM25 AFC

Main findings

A negative association between exposure
10 PM2.5 and AMH levels and AFC was
found. Additionally, exposure to SO, in
the fourth quartle of exposure compared

to the first one decreases the AEC.

Significantly increased risk of decreased
ovarian reserve oceurred with decreased
AMH levels associated with
environmental O; exposure in Chinese
women of reproductive age, especially
during the secondary antral follile stage

and 1 year before measuremen

Significant decrease in AMH levels and
increased risk of low AMH associated
with PM2.5 exposure during the
secondary and antral phase and 1 year
before the measurement, even below the
current Chinese air quality standard on
PM2.5 concentrations (75 pg/m’).

Higher exposure to PM1, PM2.5, PM10
and NO, were significantly associated

with a substantial decline in AMH.

Single-exposure models showed negative
associations of AMH with benzene and
formaldehyde.

“There i a positive association between
exposure t0 S0 and the risk of POR,
especially for women aged 30 years and
unexpected POR. Morcover, women with
unexpected POR and poor responders
had a lower level of long-term exposure
10 0,, compared with the matched
women with NOR

‘Women in the highest quartle of NO2
exposure, a trafic-related pollutant, had
higher estimated AMH concentrations.
compared with the lowest quartile.

“The study shows evidence indicating

ambient PM10 concentration wit

1-month period is negatively associated
with ovarian reserve in women with
infertility; also, this negative association
was additionally observed for PM2.5
within 1month and 12months in Seoul

residents.

Ahigher exposure to PM2.5 was

associated with lower AFC.

In linear adjusted models, air pollutant
S0, is associated with lower AFC.
Negative associations were observed
between AFC and quartiles of NO, levels

compared with Q1.

Inverse association between exposure to
PMI, PM2.5, and AMH level. Direct
association between exposure to PM1,
PM2.5, and FSH but not sig;
fully adjusted models.

icant in the

AMH levels were inversely related to
environmental pollutants, such as PM10,
PM2.5, and NO,. After subdividing the
dataset into quartiles for PM10 and
PM2.5, the influence of age on AMH
serum levels was found to be stronger
than that exerted by PM. For NO,
quartiles, higher AMH levels were
observed in the third quartile compared
to the fourth quartile, even afier

adjustment for age, indic

ga more
substantial influence of NO, exposure on
AMH serum levels

Among PAHS, BaP exhibited the
strongest associations with these
reproductive hormones in the logistic
regression model. After adjustment for
age, body mass index, educational levels,
and household income, per one-unit
increase in the log-transformed BaP (the
most carcinogenic PAH congener)
concentration was significantly correlated
with a 2.191-fold increased risk of POE

‘Women with DOR have high levels of
exposure to PM2.5, PMI10, and NO,
compared with those without DOR and

who have low exposure.

Every 2pg/m increase in estimated PM2.5
exposure was associated with a~7.2%
lower AFC adjusting for age, body mass
index, smoking status, and year and
season of the count. The association of
PM2.5 with AFC was stronger among
women with female factor infertility
(~163% per 2pg/m).

AMH, Anti-Millerian hormone; BMI, Body Mass Index; RPL, Recurrent Pregnancy Losses; PCOS, Polycystic Ovary Syndrome; POR, poor ovarian reserve (< 4 oocytes retrieved); COH,
Controlled ovarian hyperstimulation; Gn, Gonadotropins; FSH, Follicle-stimulating hormone; LH, luteinizing hormone; E2, Estradiol; AFC, Antral Follicle Count; DOR, Diminished Ovarian

Reserve.

Covariates

BMI (kg/m?), age (years), smoking

(nofyes), initial infertil

y diagnosis
(male factor; female factor;
unexplained), and the second model
for age, BMI, smoking, infertility
diagnosis, duration of infertility
(1-3years; 3-5years; > S years); alcohol
consumption (none or < 1 drink/week;

1-3 drinks/week; everyday).

BMI, ethnicity, education, current
working status, lfestyle (current
smoking status), reproductive factors
(infertility factors, parity; regular
menstrual cycle, cycle types, and

season of AMH measurement).

Age, BMI education, current smoking
status, employment status, residence,
the duration of infertlity,infertility
factors, parity, and season at AMH
measurement based on previous

publications

Age, BMI city, educational level,
pattern of menstrual cycles, parity,
duration of infertility, season of AMH,
calendar year of AMH measurement,
short-term air pollution, short-term
temperature, and short-term relative

humidity.

Age, BMI, smoking status, infertility
cause, COH protocol, starting dose of
Gn, AMH, FSH, LH, E2, and
residential city.

Age, education, BMI, and race/

ethnicity.

Age, BML, season at the time of

testing, previous smoking history.

Age, BMI smoking status, education,

year,and season

Age, BMIL, parity, and infertility

diagnosis factors

age, body mass index (BMI),
education, regular menstrual cycle,

parity, and smoking (yes/no).

Age

Age, body mass index, educational

level, and household income.

Age, race, BMI, clinic location, and

other infertility factors.

Age, BMI, smoking status, and year

and season.
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PMI 2 PMI-AMH association by adjusted multivariable linear mixed effect model. For every | @ low
10pg/m’ increment in PMI, the AMH changed by ~8.8% (95% Cl: from ~12.1 to
~5.3%), significant.

In fully adjusted regression models, each one-IQR increase in PM1 was associated with
—0.89 (95% confidence interval (CI):

om=143 to =0.35, p <0.01) decrease in serum

level of AMH.

PM25 10 PM2.5-AMH association by adjusted multivariable linear mixed effect model. For every @@ moderate
10pig/m’ increment in PM2.5, the AMH changed by ~2.1% (95% CI: from —3.5 to
~0.6%), significant.

Logistic regression models were employed to assess the association between quartiles of
exposure to PM2.5 and the risk of POR. Women in the highest quartile of PM2.5
exposure during 6 months (OR: 1.44, 95% CI: 1.06-1.96) and 12 months (OR: 154, 95%
CI: 1.10-2.14) before oocytes retrieval had a higher risk of POR than those in the lowest
quartile significant

In multivariable models, an interquartile range (IQR) increase in 1- and 12-month
average PM2.5 was associated with 3% (95% CI: from —0.07 to 0.00) and 10% (95% CI:
from ~0.18, to ~0.01) lower AMH ratio, respectively.

In adjusted multivariable models, a 2 ig/m" increase in average PM2.5 exposure was.
associated with a 6.2% (95% CI: from ~11.8 to —0.3) lower AFC.

In fully adjusted models, each one-IQR increase in PM2.5 was associated with a— 111
(95% CI: from —1.67 to —0.55, p <0.01) decrease in serum level of AMH.

In adjusted models, AMH levels were inversely related to PM2.5 (p =~0.062,p =0.021).

‘Women with DOR had high levels of exposure to PM2.5 (p =0.003) compared with those

without DOR and who had low exposure.

Every 2-pg/m increase in estimated PM2.5 exposure was associated with a—7.2% (95%
CI: from —10.4 to ~3.8%) lower antral follicle count.

In the adjusted multivariate model, a significant association between ovarian reserve
parameters and air pollution was observed in the fourth quartile of PM2.5 exposure for
AEC (p =0.044) and AMH (p =0.032) compared with the first quartile when exposure
was treated as a categorical variable.

When PM2.5 exposure levels were equal to the 50th percentile (32.6-42.3 ug/m’) or more,
‘monotonically decreased AMH levels and increased risks of low AMH were seen with
increasing PM2.5 concentrations during W1 and W4 (p <0.05).

PMI0 5 PM10-AMH association by adjusted multivariable linear mixed effect model. For every @ @®moderate
10pg/m’ increment in PM10, the AMH changed by —1.9% (95% CI: from =33 to
~0.5%), significant.

Logistic regression models were employed to assess the association between quartiles of

exposure to PM10 and the risk of POR. Women in the third quartile of PM10 exposure
for 3months (OR: 0.82, CI: 95%: 0.70-0.97) and 6 months (OR: 0.78, 95% CI: 0.66-091)
before oocytes retrieval had a higher risk of POR compared with those in the lowest

quartile, significant

In multivariable models, an IQR increase in 1-month average PM10 was associated with a
.06, 95% CI: from —0.1 10 0.00, Table 2) in the AMH ratio,

decrease (j-coeffcient

In adjusted models, AMH levels were inversely related to PM10 (p

0.088, p =0.001),

significant.
‘Women with DOR had high levels of exposure to PM10 (p =0.01) compared with those:
without DOR and who had low exposure.
Benzene 1 Benzene-AMH association by adjusted linear models. A negative association of AMH @ verylow
with benzene (percentage reduction in AMH per IQR increase=5.5, 95% CI: 10-9.8),
significant.
Formaldehyde 1 Formaldehyde-AMH association by adjusted linear models. A negative association of @ verylow
AMH with formaldehyde (percentage reduction in AMH per IQR increase=6.1,95% CI:
1.6-10), significant.

o, 3 O,~AMH association by adjusted multivariable linear mixed effect model. For every ®low
10yig/m’ increment in O, the AMH changed by —4.5 (95% CI: from —7.1 to ~1.9),
significant

‘Women in the third quartile of O, exposure for 3 months (OR: 1.19, 95% CI: 1.00-1.42)
and 12months (OR: 1.28, 95% CI: 1.08-53) before oocytes retrieval had a higher risk of
POR than those in the lowest quartile, significant.

In linear adjusted models, each 10ug/m’ increase in ozone was associated with 2.34%
(068, 3.97%), 2.08% (0.10, 4.01%), 4.20% (167, 6.67%), and 8.91% (5.79, 11.93%)
decreased AMH levels during W1-W4.

$0, 3 Logistic regression models were employed to assess the association between quartiles of | @ low

exposure to SO, and the risk of POR. Women in the third quartile of SO, exposure for
6months (OR: 2.10, 95% CI: 1.67-2.64) and 12 months (OR: 2.53, 95% CI: 2.01-3.19)
before oocytes retrieval had  higher risk of PORthan those in the lowest quartile,

significant

Inlinear adjusted models, every 10 g/m’ increase in SO, concentration level during the
=001 change in AFC

entire development stage of antral follicle was associated
(95% CI: from —0.016 to —0.002), significant.

In adjusted multivariate model, SO2 concentrations significantly decrease AFC
(p=0038).

o, 5 NO.-AMH association by adjusted multivariable linear mixed effect model. For every @ @®moderate
10pg/m’ increment in NO,, the AMH changed by —45 (95% CI: from —7.1 to ~1.9),
significant.

Multivariable-adjusted linear regression to estimate the percent change in AMH in
relation to ambient residential NO; (quartile exposure). Women in the highest quartile of
NO,; exposure had higher estimated AMH concentrations (Q4 vs. Q1, 42.9%; 95% CI:

from 3.4 to 111.4) compared with the lowest quartile, not significant.

In linear adjusted models, negative associations were observed between AFC and
quartiles of NO, levels: Q2 (~0.138 change, 95% ClI: from ~0.198 to —0.078), Q3 (~0.058
change, 95% CI: from ~0.170 to 0) and Q4 (~0.068 change, 95% ClI: from —0.127 to
~0.009) compared with Q1, significant.

In adjusted models, AMH levels were inversely related to NO; (o =~0.111, p <0.001),

significant.
‘Women with DOR had high levels of exposure to NO, (p <0.001) compared with those
without DOR and who had low exposure.

BaP 1 In adjusted logistic regression models, per one-unit increase in the log-transformed BaP | @ very low
concentration was significantly correlated with a 2.191-fold increased risk of PO (OR:
2.191,95% CI:

9,p<0.05).
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Trimesters of ETS exposure N Cases (n,%) COR (95% ClI) AOR (95% CI)*

1st 2nd 3rd

NO NO NO 54,698 5048 (9.12) 1.00 100

YES NO NO 183 25 (11.01) 134 (0.88-2.04) 1.28 (0.82-2.01)
NO YES NO 33 5(1531) 149 (0.58-3.82) 0.9 (0.30-3.26)
NO NO YES 80 14 (9.23) 172 (0.98-3.04) 144 (0.76-2.74)
YES YES NO 119 19 (9.03) 157 (0.97-255) 147 (0.88-2.48)
YES NO YES 93 12 (12.77) 127 (0.70-232) 132 (0.72-2.43)
NO YES YES 121 12 (12.84) 098 (0.54-1.77) 0.90 (0.48-1.68)
YES YES YES 3012 388 (11.44) 127 (114141 118 (104-134)"

“Adjusted for child's sex, child's age, parents’ age at the childbirth, maternal pre-pregnancy BMI, parents’ education level, household income, ETS exposure during 0-3 years of age, prenata
exposure to cooking oil fumes, mosquito coil smoke and incense burning smoke, nutritional status and physical activity frequency in models.

p<0.05.

o < 0001,
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Nutrients Total (N) Cases (n,%) COR (95% Cl) AOR (95% CI)*

Yes 24,633 [ 2,064 (8.38) [ 1.00 [ 1.00

No 34,181 | 3459 (10.12) | 123 (116-1.307 [ 112 (105-1.200
Folic acid

Yes 54,728 [ 4996 (9.13) | 100 [ 100

No 4,086 [ 527 (1290) | 147 (1331617 | 123 (110-1.37)
Iron

Yes 23,992 [ 1,944 (8.10) [ 1.00 1.00

No 34,822 [ 3,579 (10.28) | 130 (120-137y™ [ L1 (104-119)

“Adjusted for child's sex, child's age, parents’ age at the childbirth, maternal pre-pregnancy BMI, parents’ education level, household income, ETS exposure during 03 years of age, prenatal
exposure to cooking oil fumes, mosquito coil smoke and incense burning smoke, nutritional status and physical activity frequency and other fwo nutrients in models.
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Prenatal ETS | Nutrients | Total (N) | Cases (n,%) | AOR (95% CI)* | IOR (95% CI)* | RERI (95% CI)* | AP (95% CI)*

exposure supplement
ETS Multivitamin

NO YES 23,089 1,907 (8.26) 1.00

NO No 31,609 3,141 (994) 117 (1.10-1.25)"

YES YES 1,544 157 (10.17) 121 (1.00-1.45)

YES NO 2572 318 (12.36) 140 (121-1.62)" 104 (0.87-1.24) 0.08 (0.04-0.12) 0.07 (0.04-0.10)
ETS Folic acid

NO YES 50976 4575 (8.97) 1.00

NO NO 3722 473 (12.71) 129 (1.16-145)"

YES YES 3752 421 (11.22) 119 (1.05-1.35)"

YES NO 364 54 (14.84) 155 (1.12-2.14)" 101 (0.76-1.35) 0.06 (0.02-0.10) 0.06 (0.02-0.09)
ETS Tron

NO YES 22475 1,799 (8.00) 1.00

NO NO 32223 3,249 (10.08) 115 (1.08-123)"

YES YES 1517 145 (9.56) 119 (0.99-1.44)

YES NO 2599 330 (12.70) 138 (1.19-1.59)" 101 (0.84-1.20) 007 (0.03-0.11) 0,07 (0.03-0.10)

“Adjusted for child's sex, child's age, parents’ age at the childbirth, maternal pre-pregnancy BMI, parents’ education level, household income, ETS exposure during 0-3 years of age, prenatal
exposure to cooking oil fumes, mosquito coil smoke and incense burning smoke, nutritional status and physical activity frequency in models.

“p<0.01.

<0001,
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Newborn girls

Coefficient (95% Cl)
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Variable Category Level of adherence COR, 95% p-value AOR, 95%

Good Poor <l <l
Age of the children (years) <5 years 35 12 113 (0.54-2.36) 072 -
5-9 years 2 10 1.27 (0.57-2.83) 054 -
210 years 156 47 1 - -
Sex Male 12 34 1 -
Female 105 35 091 (0.53-1.56) 073 -
Residence Urban 3 14 1 = 1
Rural 194 55 2.14(1.03-4.45) 0.04 1.77 (0.75-4.17) 021
Knowledge of the caregiver | Good 134 2 1 - 1 -
about ART drugs Poor 83 47 344 (194-6.13) 0.00 218 (1.04-4.56) 003
HIV disclosure status Yes 150 26 1 = 1 E
No 67 43 3.70 (2.10-6.51) 0.00 2.69 (1.43-5.00) 0.00
Weight for age Normal 195 54 1 - i -
Underweight 22 . 2.46 (1.19-5.06) 0.01 1.34(0.57-3.14) 049
Height for age Normal 197 54 1 - 1
Stunting 20 15 2.76 (1.31-5.70) 0.00 1.30 (0.53-3.18) 0.55
CD4 counts or % level Below threshold 96 33 1.15 (0.67-1.98) 0.60 =
Above threshold 121 36 1 = -
WHO dlinical staging it 138 36 1 - 1 -
v 79 33 1.60 (0.92-2.76) 0.09 1.07 (0.52-2.18) 0.16
Levels of HGB > 10 mg/dL. 135 40 1 - -
<10 mg/dL 82 29 1.19 (0.68-2.07) 052 -
P Given 156 49 1 - -
Not given 61 20 104 (0.57-1.89) 088 -
CPT Given 115 39 1 = =
Not given 102 30 0.86 (0.50-1.49) 0.69 -
'TB status positive Yes 19 29 7.55 (3.86-14.77) 0.00 4.10 (1.90-8.88) 0.00
No 198 40 1 = 1 =
Duration on ART <34 months 2 12 1 - 1 -
>34 months 195 57 0.53(0.25-1.14) 0.10 1.65 0.30

(0.65-4.19)

Bold values indicate statist

lly significant results (p < 0.05).
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Gender Age Working Working Education level Professional Position

(years) experience experience title
(years) in NICU
(years)
H1 Female 46 28 12 Bachelor Senior title Head nurse
H2 Female 35 12 12 Master Medium-grade title Staff nurse
H3 Female 40 19 19 Bachelor Medium-grade title Nurse team leader
H4 Female 43 25 24 Bachelor Medium-grade title Staff nurse
H5 Male 35 12 12 Bachelor Medium-grade title Medical team leader
H6 Female 46 27 10 Bachelor Senior title Head nurse
H7 Female 40 17 15 Master Medium-grade title Staff nurse
H8 Female 38 12 11 Master Medium-grade title Staff doctor
HY Female 35 13 12 Bachelor Medium-grade title Staff nurse
H10 Female 44 26 21 Bachelor Medium-grade title Nurse team leader
H11 Female 52 33 15 Bachelor Senior title Head nurse
HI12 Female 47 26 12 Bachelor Senior title Staff doctor
H13 Male 40 1 11 PhD Senior title Medical team leader
H14 Female 41 21 21 Bachelor Medium-grade title Nurse team leader
H15 Female 40 19 12 Bachelor Medium-grade title Head nurse
H16 Female 33 13 9 Bachelor Medium-grade title Staff nurse
H17 Female 45 20 18 Master Medium-grade title Nurse team leader

NICU, neonatal intensive care unit; PhD, doctor of philosophy.
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Demographic characteristics

Number of subjects (N,%)

58,814

Obesity

5523 (9.39)

53,291 (90.61)

Child’s age [(Mean = SD) (years)]

436+0.92

4.45+0.89

435092

Child’s sex, N (%)

Male

30,852

3,406 (61.67)

27,446 (51.50)

Female

27,962

2,117 (38.33)

25,845 (48.50)

Preterm birth, N (%)

No

53,680

4,926 (89.19)

48,754 (91.49)

Yes

5134

597 (10.81)

4,537 (8.51)

‘Small for gestational age (N.%)

No

52,834

5085 (92.07)

47,749 (89.60)

Yes

5,980

438 (7.93)

5,542 (10.40)

Maternal age [((Mean = SD) (years)]

2858+ 439

2850 = 4.51

28.59 438

Paternal age [((Mean £ SD) (years)]

3070 %501

3075+5.13

30.70 £ 5.00

Maternal marital state (N,%) 2578 <0001
Married 56,995 5290 (95.78) 51,705 (97.02)
Others’ 1819 233 (422) 15586 (2.98)
Paternal marital state, N (%) 2266 <0001
Married 5699 5,294 (95.85) 51,702 (97.02)
Others’ 1,818 229 (4.15) 1,589 (2.98)
Maternal education level, N (%) 3855 <0.001
Junior high school or lower 8,634 938 (16.98) 7,696 (14.44)
High school 11,810 1,178 (21.33) 10,632 (19.95)
College or higher 38,370 3,407 (61.69) 34,963 (65.61)
Paternal education level, N (%) 4165 <0001
Junior high school or lower 7,828 868 (15.71) 6,960 (13.06)
High school 11,973 1,186 (21.47) 10787 (20.24)
College or higher 39,013 3469 (62.82) 35,544 (66.70)
Household income (CNY/month), N (%) 3902 <0001
0-9999 8,893 978 (17.71) 7,915 (14.85)
10,000-19,999 20,402 1936 (35.06) 18,469 (34.60)
20,000-29,999 12,777 1,139 (20.62) 11,638 (21.84)
30,000-39,999 6,942 590 (10.68) 6,352 (11.92)
240,000 9,797 880 (15.93) 8,917 (16.79)
Maternal prepregnancy BMI [((Mean = SD) (kg/m”)] 2068286 2131310 2062282 ~1582 <0001
Single child or not, N (%) 10664 <0001
No 18,533 1401 (25.37) 17,132 (32.15)
Yes 40,281 4122 (74.63) 36,159 (67.85)
tobacco smoke exposure during 0-1 years of age, N (%) 391 0048
No 43,515 4026 (72.90) 39,489 (74.10)
Yes 15,299 1,497 (27.10) 13,802 (25.90)
Environmental tobacco smoke exposure during 1-3 years of age, N (%) 201 0156
No 44,680 4,152 (75.18) 40,528 (76.05)
Yes 14,134 1371 (24.82) 12,763 (23.95)
Prenatal cooking oil fumes exposure, N (%) 1524 <0001
No 12358 1,273 (23.05) 11,085 (20.80)
Yes 46,456 4,250 (76.95) 42,206 (79.20)
Cooking fuel type, N (%) 2004 <0001
No 12,358 1273 (23.05) 11,085 (20.80)
Gas and natural gas 40,978 3,765 (68.17) 37,213 (69.83)
Electricity 4,658 399 (7.22) 4,259 (7.99)
Coal 471 45 (081) 426 (0.80)
Others 349 41 (0.74) 308 (0.58)
Prenatal mosquito coil smoke exposure, N (%) 2522 <0001
No 41,146 3,701 (67.01) 37,445 (70.27)
Yes 17,668 1822 (32.99) 15,846 (29.73)
Prenatal incense burning smoke exposure, N (%) 1355 <0.001
No 53,267 4,926 (89.19) 48,341 (90.71)
Yes 5,547 597 (10.81) 4950 (9.29)
Nutritional status of 0-1 year old, N (%) 3442 <0.001
Poor 812 72 (131) 740 (1.39)
General 14,868 1218 (22.05) 13,650 (25.61)
well 43,134 4,233 (76.64) 38,901 (73.00)
Nutritional status of 1-3 year old, N (%) 13318 <0.001
Poor 943 65 (1.18) 878 (1.65)
General 18,935 1416 (25.64) 17519 (32.87)
Well 38,936 4042 (73.18) 34,894 (65.48)
Physical activity frequency of 0-1 year old (days/week), N (%) 5848 <0001
[ 3n 53 (0.96) 258 (0.48)
1 2,876 340 (616) 2,536 (4.76)
23 11,389 1,151 (2084) 10238 (19.21)
46 15,704 1455 (26.34) 14,249 (26.74)
7 28,53 2,524 (45.70) 26010 (48.81)
Physical activity frequency of 1-3 year old (days/week), N (%) 10291 <0001
0 259 55 (1.00) 204 (038)
1 3,532 432 (7.82) 3,100 (5.82)
23 14219 1443 (2613) 12,776 (23.97)
46 15474 1387 (25.11) 14,087 (26.44)
7 25,330 2,206 (39.94) 23,124 (43.39)

oo onseriiod diooucsd: samaried: e sons ks
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Total (N) Cases (n,%) COR (95% ClI) AOR (95% CI)*

Prenatal ETS exposure
No [ 54,698 [ 5,048 (923) | 100 [ 100

Yes [ 4,116 | 475 (1154) [ 128 (116-1.42)" [ 122 (111-1.34y*
The score of prenatal ETS exposure in number per day

Never 54,698 5,048 (9.23) 100 100

Low 3,084 342 (11.09) 1.23 (1.09-1.38)* 1.15 (1.01-1.32)*
High 1,032 133 (12.89) 1.46 (1.21-1.75)"* 1.33 (1.08-1.63)**
prvalue <0.001 <0001

The score of prenatal ETS exposure in time per day

Never 54,698 5,048 (9.23) 100 100

Low 3,505 393 (11.21) 397 116 (1.03-132)*
High 611 82 (13.42) 1.52 (1.21-1.93)** 1.40 (1.08-1.81)*
p-value <0.001 <0.001

‘Adjusted for child's sex, child's age, parents’ age at the childbirth, maternal pre-pregnancy BMI, parents’ education level, household income, ETS exposure during 0-3 years of age, prenatal
exposure to cooking oil fumes, mosquito coil smoke and incense burning smoke, nutritional status and physical activity frequency in models.

p <005,

“p<001.

< 0001,
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haracteristics Categories Frequency Percentage

%

Weight for age Normal 249 87%
Underweight 37 13%
Height for age Normal 251 88%
Stunting 35 12%
CD4 counts or % level | Below threshold 129 45%
Above threshold 157 55%
WHO dlinical staging | I/l 174 61%
mv 12 39%
Levels of HGB >10 mg/dL m 39%
<10 mg/dL. 175 61%
» Given 205 72%
Not given 81 28%
cpT Given 154 54%
Not given 132 6%
TB status positive Yes 48 16.8%
No 238 28%
Viral RNA copies per | 21,000 mL 59 207%
mlwithin 12 months 1 000 . 200 699%
Not done 27 9.4%
Duration on ART <34 months 34 11.9%
>34 months 252 88.1%

Hemoglobin (Hgb) level, CPT (Co-trimoxazole Preventive Therapy), IPT (Isoniazid
Preventive Therapy), antiretroviral therapy (ART), and Tuberculosis (TB).
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Characteristics Categories Frequency Percentage

Age of the children <5 years 47 16.4%
(years) 5-9 years 36 12.6%
210 years 203 71%
Sex Male 146 51%
Female 140 49%
Residence Urban 37 13%
Rural 249 87%
HIV disclosure status Yes 176 615%
No 110 38.5%
Knowledge of the Good 156 545%
caregiver about ART Poor 130 45.5%

drugs
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Glucose and lipid metabolism indicators Venous blood Umbilical cordbblood

8-OHdG* 8-OHdG
rs rs
FPG 0.005 0948 —0.035 0.005
TC —0.069 0.404 —0.059 —0.069
TG —0.147 0075 —0.091 —0.147
HDL —0.025 0.767 —0.075 —0.025
LDL —0.024 0777 —0.092 —0.024

*Correlation with 8-OHdG levels in venous blood; ®Correlation with 8-OHdG levels in umbilical cord blood.
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Venous blood al ¢ blood rs
FPG (mmol/L) 4215 (3383, 5.108) 3.700 (2.590, 5.055) 0079 0.186
TC (mmol/L) 6.600 (5.245, 8.340) 1.665 (1.240, 2.243) —0.085 0.154
TG (mmol/L) 3.530 (2.763, 4.488) 0.400 (0320, 0.530) —0.121 0.041
HDL (mmol/L) 1.825 (1480, 2.258) 0.880 (0.670, 1.198) ~0.060 0315
LDL (mmol/L) 2.980 (2.280, 3.790) 0.460 (0330, 0.630) —0.076 0203
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8-OHdG? (Venous blood) 8-OHdGP (Umbilical cord blood)

rs rs
Acenaphthylene (Ace) - - - -
Acenaphthene (Acy) —0.106 0.198 0.082 0.320
Anthracene (Ant) —0.024 0771 —0.047 0.567
Benzo[a]anthracene (BaA) 0.012 0.888 0.126 0.124
Benzol[a]pyrene (BaP) 0.157 0.055 0.121 0.139
Benzo[b]fluoranthene (BbFA) 0.144 0.078 0.141 0.086

Benzo[ghi]perylene (BghiP) = = - -

Benzo[k]fluoranthene (BKFA) 0.097 0236 0.134 0.102
Chrysene (Chr) —0.001 0.992 0.128 0.118
Dibenzo[ah]anthracene (DahA) 0.018 0.825 0.223 0.006
Fluoranthene (FLa) 0.042 0.608 0.194 0.018
Fluorene (FLu) - - - -

Indeno[123-cd]pyrene (InP) 0.044 0.590 0.190 0.020
Naphthalene (Nap) —0.148 0.071 —0.118 0.150
Phenanthrene (Phe) —0.030 0718 —0.120 0.145
Pyrene (Pyr) 0.016 0.850 0.187 0.022
ZPAHs —0.014 0.862 0.177 0.030

2Correlation with PAHs concentration in venous blood; ® Correlation with PAHs concentration in umbilical cord blood.
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PAHs Type Variable B SD t-Value
ZPAHs Intercept 7.596 4.512 1.684 0.094
(Daily time on the road during pregnancy) 1.404 0.607 2313 0.022
Acenaphthylene (Acy) Intercept 0225 0.189 1192 0235
(Carpet or rug in the house) 0.106 0.048 2177 0.030
Benzol[a]pyrene (BaP) Intercept 0.508 0.274 1.852 0.065
(Carpet or rug in the house) 0.156 0.071 2211 0.028
Benzo[b]fluoranthene (BbFA) Intercept 0.576 0.246 2343 0.020
X2 (Education) —0.070 0.031 —2225 0.027
(Carpet or rug in the house) 0.138 0.063 2.183 0.030
Benzo[k]fluoranthene (BKFA) Intercept 0.534 0.246 2.169 0.031
(Distance from home to road) —0.063 0.030 —2.098 0.037
(Carpet or rug in the house) 0.135 0.063 2.130 0.034
Dibenzo[ah]anthracene (DahA) | Intercept 0.075 0.589 0.128 0.899
(Daily time on the road during pregnancy) 0273 0.079 3448 0.001
(Ventilation condition of the house) —0.230 0.093 —2.484 0.014
Indeno[123-cd]pyrene (InP) Intercept 0.141 0.424 0.332 0.740
(Daily time on the road during pregnancy) 0.165 0.057 2.902 0.004
(Ventilation condition of the house) —0.159 0.067 —2.391 0.018
Naphthalene (Nap) Intercept 0.287 0.185 1.555 0.121
(Cooking method during pregnancy) 0.046 0.021 2175 0.031
(Vegetable and fruit consumption) —0.065 0.026 —2.541 0.013
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Detection rate [n Concentration M (P25, Extreme value Detection rate (%) Concentration M (P25, Extreme value
(%) P75; pg/L) (ng/L) P75; ng/L) (pg/L)

Acenaphthylene (Ace) Not detected - - Not detected - -

Acenaphthene (Acy) 284 (94.7%) 0523 (0.460, 0.677) 0.000-0.088 298 (99.3%) 0.634 (0.474, 0.659) 0.000-0.855
Anthracene (Ant) 300 (100.0%) 1.812 (1.760, 1.910) 1.521-2.516 300 (100.0%) 1.751 (1.717, 1.801) 1.522-2.654
Benzo[a]anthracene (BaA) 281 (93.7%) 0541 (0.529, 0.661) 0.000-0.733 297 (99.0%) 0.672 (0.533, 0.680) 0.000-0.816
Benzo[a]pyrene (BaP) 280 (93.3%) 0.687 (0.677, 0.701) 0.000-0.835 297 (99.0%) 0701 (0.679, 0.722) 0.000-0.849
Benzo[b]fluoranthene (BbFA) 289 (96.3%) 0.618 (0.611, 0.631) 0.000-0.766 299 (99.7%) 0.632 (0.611, 0.654) 0.000-0.778
Benzo[ghi]perylene (BghiP) Not detected - - Not detected - -

Benzo[k]fluoranthene (BKFA) 293 (97.7%) 0.617 (0.611, 0.630) 0.000-0.766 299 (99.7%) 0.631 (0.611, 0.654) 0.000-0.778
Chrysene (Chr) 279 (93.0%) 0550 (0.539, 0.667) 0.000-0.741 297 (99.0%) 0.679 (0.543, 0.688) 0.000-0.823
Dibenzo[ah]anthracene (DahA) 93 (31.0%) 0.000 (0.000, 2.432) 0.000-2.593 59 (19.7%) 0(0,0) 0.000-2.544
Fluoranthene (FLa) 298 (99.3%) 1.520 (1.500, 1.549) 0.000-2.048 299 (99.7%) 1,530 (1.504, 1.552) 0.000-2.187
Fluorene (FLu) Not detected - - Not detected - -

Indeno[123-cd]pyrene (InP) 100 (33.3%) 0.000 (0.000, 1.695) 0.000-1.991 92 (30.7%) 0.000 (0.000, 1.690) 0.000-1.792
Naphthalene (Nap) 240 (80.0%) 0463 (0.214, 0.700) 0.000-4.077 289 (96.3%) 0.412 (0.279, 0.467) 0.000-2.503
Phenanthrene (Phe) 300 (100.0%) 1.837 (1.779, 1.926) 1.538-2.539 300 (100.0%) 1.768 (1.733, 1.819) 1.538-2.046
Pyrene (Pyr) 298 (99.3%) 1,592 (1.571, 1.625) 0.000-2.119 299 (99.7%) 1.606 (1.580, 1.628) 0.000-2.258
ZPAHs - 11.211 (10.700, 14.619) 3.822-17.954 - 10.921 (10.698, 12.734) 3.261-16.717
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Variable Year Number of live Standard p-value Neonatal

births deviation (comparison of mortality rate
means) (per 1,000 live
births)
“Total Number of 2008-2012 20891 103 2793 0350 192
Neonatal Deaths 2013-2017 21,781 9% 4980 463
2018-2022 2219 85 353 392
Early neonatal 2008-2012 20891 103 2702 0.134
2013-2017 21,781 9% 4207
2018-2022 2219 85 2387
Late neonatal 2008-2012 20891 16 1.000 0659
2013-2017 21,781 19 1924
2018-2022 2219 19 L613

Bold values indicate statistically significant p-values.
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Birthweight ER=A L= A= Unknown

(grams) weeks weeks weeks

0-499 51 a2 6 0 1 0
500-999 3 183 7 8 3 1
1,000-1,499 0 46 225 139 9 0
1,500-1999 0 3 152 606 103 0
2000-2,499 0 2 14 1,260 1831 0
2,500-2,999 0 0 5 1306 12,786 0
3,000-3,499 0 1 5 520 27,393 2
3,500-3,999 0 0 1 19 15279 0
4,000-4,499 0 0 0 2 2,686 0
4,500-4,999 0 0 0 3 231 0
5,000+ 0 5 4 9 9% 1

Grand total 85 282 484 3,996 60,420 4
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Variable Year ber of babies Mean Standard deviatiol p-value

BW <500g 2008-2012 29 580 3347 0.618
2013-2017 37 7.40 3715
2018-2022 2 520 3701

BW 5001499 g 2008-2012 235 47.00 8515 0.360
2013-2017 247 49.40 6914
2018-2022 238 47.60 5727

1,500-1999 g 2008-2012 283 56.60 9236 0727
2013-2017 276 55.20 15271
2018-2022 305 61.00 10,050

20002999 g 2008-2012 5519 110380 21076 0.027
2013-2017 5753 115060 62488
2018-2022 5932 118640 29,100

3,000-3999 g 2008-2012 13931 2786.20 88.793 0.007
2013-2017 14,579 2915.80 72.040
2018-2022 14,859 297180 68.379

4,000-4999 g 2008-2012 971 19420 10756 0.458
2013-2017 1018 203.60 16211
2018-2022 957 19140 18849

5000 g+ 2008-2012 12 240 1517 0.679
2013-2017 10 200 1000
2018-2022 14 280 1643

Unspecified birthweight 2008-2012 33 6.60 8444 0778
2013-2017 20 400 1581
2018-2022 29 580 5450

Bold values indicate statistically significant p-values.
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Variable Year ber of babies Mean Standard deviatiol p-value

22-27" weeks 2008-2012 18 23.60 6025 0914
2013-2017 126 25.20 6140
2018-2022 123 24.60 5.899

28-31" weeks 2008-2012 168 33.60 7.021 0.761
2013-2017 159 3180 3834
2018-2022 157 3140 3.130

32-36" weeks 2008-2012 1,301 260.20 15073 0.677
2013-2017 1371 27420 36.561
2018-2022 1,330 266.00 16688

37-40 weeks 2008-2012 19,378 3875.60 93.074 0.003
2013-2017 20,203 4040.60 115589
2018-2022 20751 415020 80.014

41 weeks + 2008-2012 48 9.60 9915 0.087
2013-2017 31 620 1924
2018-2022 3 0.60 0894

Unspecified gestation 2008-2012 0 0.00 0.000 0.148
2013-2017 0 0.00 0.000
2018-2022 3 0.60 0.894

Bold values indicate statistically significant p-values.
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Variable

Live 2008-2012
2013-2017
2018-2022
Stillbirths 2008-2012
2013-2017
2018-2022

Bold values indicate statistically significant p-values.

Total births

20891

21,781

22249
122

417820

435620

4449.80

2440

2180

2020

Standard
deviation

101812

152062

72234
5413
3564

5630

p-value Stillbirth rate

(per 1,000
births)
0.008
0427 5.80
4.02
358
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Typeof 2018 2019 20. 2021
art n(%) n(%) n% n(%) n%
Yes - type 16 18 16 9 u 7

notspecified | (879) | (1241) | (1032)  (682) (585

Inductionof 31 33 40 27 2 153
ovulation (17.03) | (2276)  (250) | (2045)  (117)
Artificial 8(439)  4(276)  5(323) 5 12 34
insemination (379 (638
IVEICSI 127 %0 9% 91 143 545

(6980)  (6207)  (60.64) | (68.94)  (76.06)

Total births 182 145 155 132 188 802
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Plurality 012 022 p-value
Twins 680 73 654 0450
Triplets 81 15 3 0.002

Bold valu

e statistically significant p-values.
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Variable Year Mean Standard devi p-value
Singleton 2008-2012 405040 106.359 0.004
2013-2017 422840 140.008
2018-2022 433620 68.240
Multiple 2008-2012 7340 5899 0813
2013-2017 7420 14618
2018-2022 8100 31559

Bold values indicate statistically significant p-values.
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\ELELIES Number of deliveries Standard deviation p-value

per epoch
2008-2012 10,133 2026.60 50585
Female 2013-2017 10462 209240 85.967 0.009
2018-2022 10,853 2170.60 30320
2008-2012 10,879 217580 63152
Male 2013-2017 11428 2285.60 81773 0.022
2018-2022 11515 2303.00 52048

Analysis performed using Chi-square testing. Bold values indicate statistically significant p-values.
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Gene Forward (5'-3’ Reverse (5'-3/)

Occludin GGTGCCATAGAATGAGATGTTGGA CCAATGGGCACACCCTGATAC
201 TTCATCGGTGAAGTAGCCACCA GACATTAAGGCAGCATCCAGCA
Hrtda AACAAGACTGATGACTGCTCAG GATGGAGGATAGCTCTTGCAAG
Hrta AGGTCCGTGGAGAAGGTCGTG CACAGCCACCATCACCAGCAG
st CCAACCAGACAGAGAATG ACAGGATGTGAATGTCTTC

Pactin CCTAAGGCCAACCGTGAAAA CAGAGGCATACAGGGACAACAC
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Trends in neonatal deaths from 2008-2022
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Year

e Early neonatal  eeLate neonatal
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Trends in Stillbirth Outcomes

Number of stillbirths
s o 8 B

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2013 2019 2020 2021 2022

Year

= Antepartum Stllbirth = Intra partum stllbirth  emmeStillbirth, not otherwise specified

—Total
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Number of pregnancies
o B o B B

°

Number of triplet pregnancies categorised by fertilisation
methods from 2013 till 2022

No assistance Assisted, not Induction of IVF/ Artifical Unknown
ofhervise specified  ovulationonly  insemination/
implantation of ovum

Type of fertilisation method
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Outcome Operational definition Variable/Indicator Measurement method
Development progress ‘The developmental level of the child will be assigned  score ASQ- | Domain-specific and mean score of ASQ-3 obtained monthly |~ Ages and stages questionnaires- third edition (ASQ-3) questionnaire
3(146, 147). ASQ-3 has been widely used in many countries as a (146,147)

feld-based parent-completed screening tool o assess five
developmental domains (14). It has also been previously used
and validated in the Indian population (149, 150).

Developmental Quotient (DQ) is calculated by dividing - Proportion of children with delayed achievement of Questionnaire developed by authors and pilot-tested in an ongoing built
Developmental Age by Chronological Age and multiplying it by development milestones at the end of the first year of life. environmental child cohort (51)

100 (151, 152) - Domain-specific monthly developmental level of each infant

Developmental Age (DA): Each child will be assigned a DA at obtained through Development quotient calculation

each follow-up visitfor each of the 5 developmental domains,i.c.,
gross motor, fine motor, adaptive/cognitive, language and
personal-social developmental domains. Study staff under the
supervision of a paediatrician will estimate DA according to the
achievement of domain-specific developmental milestones.
Chronological Age (CA): the actual age of the child calculated
from his/her date of birth
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Outcome Operational definitiol

Small for gestational age (SGA) s per the WHO defi

WHO expert committee, infants having a birth wei

gestational age below the 10th percentile based on a sex-
specific reference population (139, 140).

Low birth weight (LBW) Infants with a birth weight of less than 2,500 g, regardless
of gestational age at the time of birth (141, 142).

Overweight/ obese Children's body mass index (BMI - calculated as weight in
kilograms divided by height in metres squared) will
be plotted on WHO BMI charts and those with a BMI
above the 95th percentile will be classified as obese and
overweight will indicate those children whose BMI falls
between the 85th and 95th percentile (143, 144).

Underweight, wasted and Z-scores for growth indicators (length/height-for-age,
stunted weight-for-age, weight-for-length/height, BMI-for-age)
will be estimated by comparing each child's height/length
and weight with WHO growth standards as shown in the
image below (which has been adapted from the WHO
child growth standards: training course on child growth
assessment) (145). Based on where their calculated
2-scores lie with respect to the median value of the
standard reference population, children will
be categorized as:
- Underweight: ‘weight for age’ below minus two standard
deviations (-25D)

Severely underweight: ‘weight for age’ below minus

three standard deviations (-35D)

Stunted: ‘height/length for age’below minus two.
standard deviations (-2SD)
Severely Stunted: height/length for age below minus

three standard deviations (-35D)

Wasted: ‘weight for height/length' below minus two
standard deviations (-2SD)

Variable/indicat:

Proportion of children diagnosed
25 SGA at birth (proxy of in-
utero growth o the child)

‘The proportion of children
diagnosed as LBW at birth
(proxy of in-utero growth of the
child)

‘The proportion of overweight/
obese (based on BMI for age)
infants at the end of the first year
of lie.

Proportion of children with
abnormal Z-scores for afore-
‘mentioned growth indicators
(i, underweight, severely
underweight, stunted, severely
stunted, wasted and severely
wasted) at the end of the first

year of life.

Measurement method

Based on hospital records-verified by

study staff

Based on hospital records-verified by
study staff

Monthly measurement of height/
length, weight, and calculation of BMI

Zscores for growth indicators
(length/height-for-age, weight-for-
age, weight-for-length/height, BMI-
for-age) obtained from comparison of
each childs height/length and weight
with WHO growth standards.
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Pregnant women with GDM
who had regular prenatal
examination in the study
hospital (n=4837)

A total of 2869

pregnant women with | ———>

GDM who delivered
were enrolled

Eliminate:
Multiple births (n=146)

Stillbirth (n=14)

Pregestational diabetes mellitus (n=207)
Cases with missing data (n=1601)

LBW (n=193)

1:1 selected control
group(n=193)
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Strongly
agree

Strongly

Items, n(%) Mean + SD disagree

Agree Neutral Disagree

I think there is a need for hospitals to have specialists in 4264071 486(38.24) 664(52.24) 105(8.26) 2(0.16) 14(1.10)

mental health

1 think maternal mental health should be assessed routinely 4231071 455(35.80) 686(53.97) 108(8.50) 10(0.79) 12(0.94)
1 the hospital offered training in mental health, Id be happyto | 422073 4610627)  663(52.16) 128(10.07) 5(039) 14(1.10)
attend

Antenatal care providers should be equipped with skills to 1222072 4453501 687(54.05) 1219.52) 4031) 14(1.10)

recognize maternal mental health

Health-care workers involved in antenatal care should 422£0.70 441(34.70) 698(54.92) 117(9.21) 2(0.16) 13(1.02)
be trained in the identification and management of maternal

psychological problems

Antenatal care providers should be equipped with skills to 413077 06(3194)  669(52.64) 16202.75) 19(1.49) 15(1.18)

treat maternal mental problems

Health-care workers should have access to information on 4174073 413(3249) 691(54.37) 144(11.33) 10(0.79) 13(1.02)

dealing with perinatal maternal psychosocial problems
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*Adjusted OR

Cut-off value: >6/<6 (95%C1)

Mental health related education or work experience

No Ref

Yes 1.43(1.08 ~ 1.88) 0.01
Mode of employment

Labor dispatch Ref

Contractual 1.14(0.49~2.61) 0.76

Official establishment 142(057~323) 045

Categories of personnel

Nurse Ref

Midwife 1.78(1.33~237) <0.001
Tittle

Nurse Ref

Nurse practitioner 077(049~1.23) 0.8

Nurse-in-charge 0.91(0.54~1.54) 073

Deputy director or chief nurse 041
Nature of hospital

General hospitals Ref

Specialist maternity hospitals 155(120~202) <0.001

*Adjusted for years of nursing experience, years of obstetrics and gynecology nursing
experience.
Bold values indicate p<0.05, representing statistically significant results.
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*Adjusted OR

Cut-off value: >29/<29 (95%Cl)

Mental health related education or work experience

No Ref

Yes 1.59(1.09~231) 0014
Categories of personnel

Nurse Ref

Midwife 1.28(0.88~1.84) 0.19
Tittle

Nurse Ref

Nurse practitioner 103(059~181) 091

Nurse-in-charge 117(0.62~220) 0.64

Deputy director or chief nurse 1.56(0.76~2.14) 0.08

Nature of hospital

General hospitals Ref

Specialist maternity hospitals 142(112~212) <001

*Adjusted for years of nursing experience, years of obstetrics and gynecology nursing
experience.
Bold values indicate p<0.05, representing statistically significant results.
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Knowledge Attitude Support needs

arlables Scores vF Scores oF Scores vF
(Mean +SD) (Mean + SD) (Mean + SD)
Age (years)
18-29 364(28.64) 5585184 200 0133 147222898 0685 0504 33012560 3426 0053
30-39 664(52.24) 5735188 4788904 33432544
>40 243(19.12) 5894186 14775783 33372434
Educational background
College 192(11.17) 576188 058 063 4707958 046 071 33332548 053 066
Undergraduate ~ 1,117(87.88) 5715187 47742870 33464537
Master 12(094) 5504145 18334926 33674373
Years of nursing experience
15 220668) | 5004007000 | 1041 | 0.02 1687930 089 045 32862578 315 00
6-10 34G415) 6.00(4.007.00) 47642915 33.13£5.68
11-20 449(3533) | 6.00(4.00,7.00) 18072858 3371503
>20 176(1385) | 6.00(5.007.00) 147684777 34282478

Years of obstetrics and gynecology nursing experience

1-5 318(25.02) 5.00(4.00,7.00) 1192 <001 47754934 050° 069 32714569 450° <001
6-10 436(34.30) 6.00(4.00,7.00) 47.3448.88 33284565
11-20 386(30.37) 6.00(4.00,7.00) 48.05£9.01 33.96+4.79
>20 131(1031) 6.00(5.00,7.00) 47.4046.19 34324498

Mental health related education or work experience

No 971(76.40) 5.62+1.88 =313 <0.01 47.81£8.96 1.04 030 33.19£5.46 =313 <0.01
Yes 300(23.60) 6.01£1.80 47.21£824 3430+£4.97
Mode of employment
Labor dispatch 24(1.89) 579+1.25 359 0.03 47.25+5.38 0.05 0.96 32254695 1.40 0.25
Contractual 1,036(81.51) 5.65+1.90 47.70£9.09 33394543
Official 211(16.60) 602172 1475747.60 33902483
establishment
Categories of personnel
Nurse 959(75.06) 5.60+1.87 8.68 <0.001 47.78+9.18 2.06 0.13 33294551 6.69 <0.01
Midwife 312(24.55) 6.08+1.77 47.46+7.38 34.04£4.63
Tittle
Nurse 122(9.60) 5.67+1.66 4.04 <0.01 47.61£9.52 029 0.84 32.60+5.76 4.19 <0.01
Nurse practitioner  489(38.47) 5515198 47.4748.68 3114541
Nurse-in-charge  599(47.13) 5815181 147892898 3732531
Deputy director 61(4.80) 615+164 47.16£6.19 35115415
or chief nurse
Nature of hospital
General hospitals 900(70.81) 5.64+1.86 233 0.02 47.59+8.71 047 0.64 33.7845.43 =346 <0.001
Specialist 371(29.1) 5.90+1.87 47.85£9.03 32.66+5.12
‘maternity
hospitals
H-value.
Fovalue.

Bold values indicate p<0.05, representing statistically significant results
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Items Accuracy

+ Related risk factors

Past personal history of mental illness is a risk for mental llness 9331%
during childbearing(true)

A history of abuse and trauma can increase the risk of mental 9190%
illness in women(true)

‘Women with mental llness may have attachment problems with 83.24%
their baby(true)

Past family history of mental illness is not a risk for mental 57.12%
illness during childbearing(false)

Hormones released during pregnancy protect against mental 5413%
illness(false)
Younger mothers are at greater risk of postnatal depression(false) | 4131%

+ Edinburgh Postnatal Depression Scale

“The EPDS is a useful screening tool for depression and 49.05%
anxiety(true)

“The cut off score for EPDS suggesting further assessment is B27%
9(true)

+ Signs, symptoms and clnical management of mental llness

‘Women should not take psychiatric medication during 37.37%
pregnancy (false)
‘Women must not breastfeed if taking medication for mental 17.62%

illness (false)

Postnatal depression will go away on its own but occasionally 9.76%

s treatment (false)

reqy

‘Women with postnatal depression often feel sad and cry (false) 3.38%
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Items, n(%) Mean+SD  Strongly Neutral Disagree Strongly

agree disagree

Professional competence and comfort

My workload limits my ability to focus on depression or anxiety in pregnant women 272£1.09 64(5.04) 254(19.98) 391(30.76) 384(30.21) 178(14.00)
1find psychological issues too complex and time-consuming to deal with 270+ 113 60(4.72) 301(23.68) 297(23.37) 422(33.20) 191(15.03)
Pregnant women find it an invasion of privacy for medical staff to routinely ask them about 2604108 50(3.93) 239(18.80) 322(25.33) 468(36.82) 19205.11)
their psychological condition

Twork so tight a schedule that I cannot routinely assess the mental health of pregnant women 250+1.06 47(3.70) 209(16.44) 278(21.87) 530(41.70) 207(16.29)
“The hospital procedures (systems) I worked in prevented the medical staff from knowing 240+1.04 46(3.62) 158(12.43) 287(22.58) 547(43.34) 233(18.33)

enough about the psychological condition of pregnant women and giving adequate
psychological care
1do not think I can tell the difference between a normal woman and a pregnant woman with 2234096 2052) 12009.44) 213(16.76) 651(51.22) 255(20.06)

psychological problems

Systemic issues

Pregnant women with symptoms of depression or anxiety should seek help from a 4.10£091 446(35.09) 619(48.70) 135(10.62) 32(2.52) 39(3.07)
psychologist or psychiatric specialist

“The midwife/nurse/obstetrician should play the first role in dealing with anxiety and 3735098 232(18.25) 657(51.69) 237(18.65) 92(7.24) 53(4.17)
depression disorders in pregnant women

Tknow very well when a pregnant woman has a psychological problem that needs to 3584097 212(16.68) 517(40.68) 372(29.27) 1371078) 33(2.60)
be referred to a medical professional

1 think I'd be in a good p n to counsel depressed pregnant women 3341095 125(9.83) 441(34.70) 484(38.08) 177(13.93) 44(3.46)
Ifind it easier to deal with physical problems than mental ones 3284106 103(8.10) 541(42.56) 314(24.70) 228(17.94) 85(6.69)
T'm comfortable with interventions for perinatal depression or anxiety 2914095 71(5.59) 252(19.38) 498(39.18) 395(31.08) 55(4.33)
“The priorities of the medical establishment now encourage me to focus on the problems that 288%1.15 89(7.00) 355(27.93) 298(23.45) 378(29.74) 151(11.88)

pregnant women present rather than identify the underlying problems
1 feel uncomfortable asking pregnant women about mental disorders 2584109 70(5.51) 206(16.21) 302(23.76) 505(39.73) 188(14.79)

I get frustrated when pregnant women with mental health problems consult me 249£1.09 62(4.88) 188(14.79) 282(22.19) 523(41.15) 216(16.99)
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Year Live Admitted NICu % of total

births to NICU admissions  live births

Z-score admitted
2018 4,491 360 036 802
2019 4439 402 153 9.06
2020 4522 335 -034 741
2021 4464 307 -L12 688

2022 4,333 332 -042 7.66
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GA group Number of ENDs % ENDsoutof ~ Number of LNDs % LNDs out of Total number of

total births per total births per births per GA
GA group GA group group

2223 weeks 38 447 3 353 85

24-27 weeks 6 23 16 56 282

28-31 weeks 36 74 7 14 484

32-36 weeks r 1 13 03 399

37+ weeks 55 009 3 002 60,420
Unknown gestation 1 25 1 2 4

Total 233 036 53 0.08 65,271

GA, gestational age; END, early neonatal deaths; LND, late neonatal deaths.
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LBW (n =193 Normal weig Az
Age
18~35 140(725) 159(82.4) 5357 0.021
236 53(27.5) 3417.6)
Degree of education
Junior high school and below 3518.1) 10(52) <0.001
High school 6131.6) 79(409) 16.447
University and above 97(50.3) 104(529)
History of fetal distress
No 191(99.0) 184(95.3) 4585 0032
Yes 201.0) 9(4.7)
Hypertensive disorders of pregnancy
No 152(78.8) 18193.8) 18.393 <0.001
Hypertension in Pregnancy 41012 12(62)
Threatened preterm labor
No 115(59.6) 182(94.3) 65.553 <0.001
Yes 78(40.4) 167
Pregnancy weight gain
Underweight gain 127 (65.80) s8(s60) e <0.001
Normal weight gain 16(8.29) 22011.40)
Hyper weight gain 50(25.91) 83(43.01)

Average weekly abdominal circumference growth rate 0.69(0.52-091) 0.75(0.63-0.93) -2412 0016
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Determ B SE Wals 2 P OR 95%Cl

236 years old 0.585 0.305 3677 0055 1795 0.987 3263
Junior high school and below* 1487 0438 11525 0.001 4424 1875 10439
High school* 0174 0.269 0416 0519 0841 0.496 1425
A history of fetal distress 2084 1035 4055 0044 0124 0.016 0.946
Gestational hypertension® 2058 0423 23.661 <0.001 7.829 3417 17.940
Threatened preterm labor 2894 0392 54428 <0.001 18073 8377 38992
Triglycerides in early pregnancy 0430 0.141 9.263 0002 0.650 0.493 0,858
Insufficient weight gain during pregnancy’ 0709 0275 6625 0010 2031 1184 3484

“University education or above as reference; "No hypertensive diseases during pregnancy as reference; ‘appropriate weight gain during pregnancy as reference.
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